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Abstract
This thesis collects three papers on natural resource sector-led development.
The first paper examines the long-term health and education impacts of mining
dependence. Exploiting between-country variation in a large international
sample, causal effects are identified through instrumental variable estimation.
Results show that countries with economies more oriented toward mining on
average display poorer health and education outcomes than countries of similar
per capita income. Income from sectors other than mining tends to deliver
better health and education outcomes. Key channels explaining the lower social
productivity of mining sector activity include its impacts on non-mining sectors
and institutions. Similar patterns are observed across Indonesian districts,
suggesting this is not only a country-level phenomenon.
The second paper examines the poverty impacts of the world’s largest modern
plantation sector expansion, Indonesian oil palm in the 2000s. The paper
combines administrative data on local oil palm acreage at the district level
with survey-based estimates of poverty, using an estimation approach in
long-differences. Identification is achieved through an instrumental variable
strategy exploiting detailed geospatial data on crop-specific agro-climatic
suitability. The key finding is that increasing the oil palm share of land in a
district by ten percentage points contributes to around a forty percent reduction
in its poverty rate. Of the more than 10 million Indonesians lifted from poverty
over the 2000s, my most conservative estimate suggests that at least 1.3 million
of these people have risen out of poverty due to growth in the oil palm sector.
Similar effects are observed for different regions of Indonesia, for industrial and
v
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smallholder plantations, and at the province level. Oil palm expansion tends to
be followed by a small but sustained boost to the value of agricultural output,
manufacturing output, and total district output.
The final paper presents three quantitative case studies on the local economic
and welfare impacts of rapid natural resource sector expansion in Indonesia. The
paper focuses on three districts that have experienced notably large production
booms for Indonesia’s three largest primary exports: palm oil (Indragiri Hilir, in
Riau), coal (Tapin, in South Kalimantan), and natural gas (in Manokwari, West
Papua). Counterfactuals are constructed for each case study district through
synthetic control modelling. Results suggest that all three resource booms boosted
total economic output and altered the structure of the local economy. Oil palm
expansion in Riau raised agricultural, industry, and services output, while coal
mining in South Kalimantan reduced agricultural and services output. Oil palm
and coal mining booms both appear to have delivered strong poverty reduction.
The Tangguh natural gas project in West Papua delivered a massive increase in
local economic and industry output, but I find no evidence of any discernible
impacts on household welfare and poverty. The three case studies show that
natural resource sectors can make important contributions to poverty alleviation.
Relative to their size, sectors with more concentrated rents tend to provide less
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Chapter 1
Introduction
1.1 Natural resource sectors
Natural resource sectors have been key drivers of the unprecedented economic
development of the 20th century, with the consumption of fossil fuel and forestry
products powering the industrial revolution, the enlightenment, and the global
human progress that followed.1 Natural resources are assets (i.e., raw materials)
occurring in nature that can be used for economic production or consumption;
natural resource sectors are industries extracting and processing them. Today
natural resource sectors remain important in the global economic landscape. The
total value of natural resource sector exports from developing countries in 2010
was 9.8 and 9 times larger than foreign aid and remittances (Jedwab, 2013; World
Bank, 2014).
In this thesis I focus on two critical natural resource sectors: mining, broadly
defined to include coal and mineral mining and oil and gas extraction2; and palm
oil. Palm oil is a unique export-oriented sector similar to mining in many respects.
Both sectors are characterised by economic enclaves and negative environmental
externalities. Unlike many other cash crops, fresh fruit from oil palms must be
processed shortly after harvest, requiring processing facilities and large up-front
infrastructure investments (e.g., transport) similar to mining. These up-front
1See, e.g., Ayres and Warr (2005; 2009), Cleveland et al (1984), Deaton (2013), Hall et al (2003),
Mayumi (1991), Kander et al (2013), Kander and Stern (2014), and Wrigley (2010).
2Although the oil and gas industries have several different characteristics to coal and minerals,
these sectors have many similarities and major resource sector companies tend to diversify across
commodities for scale and scope efficiencies.
1
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investment requirements ensure the palm oil sector grows principally through
plantations, which are better able to recover large up-front investments and deal
with long gestational periods than family farms or smallholders (Hayami, 2010).
Smallholder oil palm typically emerges once this prerequisite infrastructure is in
place, much like artisanal mining around large mining facilities.
Natural resource sectors can have several unique characteristics requiring
special attention from policy-makers. Natural resource endowments (including
forestry resources) tend to be the property of the nation state, and resource
rents are often legally intended to be distributed amongst countries’ current
and future populations. A government allowing a nation’s natural resources
to be extracted without benefiting the national economy and its people is
unlikely to be a popular one, so natural resource sectors are often of interest to
politicians. Natural resource sectors are characterised by negative environmental
and public health externalities, giant infrastructure investments, and long project
life cycles requiring local and macro-level economic and political stability.
Compared to other sectors, there is a greater role for policy-makers in weighing
up the relative costs and benefits of large natural resource projects requiring
government approval (e.g., through concessions, licensing, permits, special
regulations) and often, for more political than economic reasons, obtaining
direct government support (e.g., through state-owned enterprises, favourable
financing arrangements, tax exemptions, and direct subsidies). Understanding
the contribution of natural resource sectors to human development is important
for informing development strategies and policy settings.
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1.2 Curse or blessing?
Despite their important role in driving economic development in the 20th
century, the role of natural resource sectors for improving well-being today is less
clear. Many resource-rich countries have experienced sustained natural resources
sector-driven economic growth but little progress in improving development
outcomes. Nigeria’s oil revenues increased almost tenfold from 1965–2000, but
real income stagnated, and poverty and inequality increased (van der Ploeg,
2011). Papua New Guinea had an average GDP per capita growth rate of 8%
over the second half of the 2000s yet a virtually unchanged poverty rate of
nearly 40% (World Bank, 2014). Natural resource sector-led economic growth
swept Africa in the 2000s, but agricultural yields across the continent remain low,
manufacturing and services sectors remain relatively small and unproductive,
and poverty reduction has been disappointing (Caselli, 2005; Evenson and Gollin,
2003; Restuccia et al, 2008; Vollrath et al, 2015; and World Bank, 2013). Comparing
these recent experiences with those of resource-poor countries like South Korea,
Singapore, and Taiwan (or the manufacturing-led growth of China), natural
resource sector-driven economic growth appears to correspond to countries
developing distinctly differently.3 Much is known about how natural resource
sectors affect macroeconomic aggregates and political institutions, but many
questions about how natural resource sectors affect broader well-being remain
largely unanswered.
3For greater tractability in this introductory discussion, I focus on mining sectors, as natural
resources have been typically conceptualised in the literature. Palm oil is only produced in a
handful of developing countries and has some similar characteristics to mining (c.f. most countries
have mining sectors).
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The idea that natural resources can “curse” countries that own them has
been widely held. Early studies by Auty and Mikesell (1998), Gylfason,
Herbertsson, and Zoega (1999), and Sachs and Warner (1995; 2001) documenting
negative associations between resource abundance and economic growth led to
a burgeoning field of empirical research contesting the existence of the “resource
curse” (Torvik (2009), van der Ploeg (2011), and Wick and Bulte (2009) provide
reviews). This research focused on the relationship between natural resources
and aggregate economic activity, with institutional quality widely believed to
determine whether natural resources become a curse or a blessing (Collier and
Goderis, 2012; Mehlum et al, 2006; Torvik, 2002, 2009). As highlighted by van
der Ploeg (2011), cross-country evidence has been sensitive to sample period,
countries, variable definitions, omitted variables, measurement error, and other
factors.4 van der Ploeg (2011) concludes “the road forward might be exploiting
variation within a country where variables that might confound the relationship
between resources and macroeconomic outcomes do not vary and the danger of
spurious correlation is minimised”.
Within-country studies on the economic impacts of natural resources are now
common, and more recent national-level studies with improved identification
strategies tend to disprove the idea of an aggregate GDP resource curse.5 Smith
(2015) shows that countries that have become resource-rich since 1950 now have
significantly higher per capita incomes that they would have without the resource
discoveries. Cotet and Tsui (2013) show the same exclusively for oil. For diffuse
natural resources, Nunn and Qian (2011) show that areas more suitable for
agricultural production are significantly more developed today.
4For example, studies following the Sachs and Warner (2001) approach arrive at different
results instrumenting for resource abundance (Brunnschweiler and Bulte, 2008), including
country fixed effects (Manzano and Rigobon, 2001), and using different measures of resource
intensity (Lederman and Maloney, 2007).
5Examples of within-country studies on the effects of natural resources and a booming
resource sector include Aragon and Rud (2013), Black et al (2005), Caselli and Michaels (2013),
Domenech (2008), Dube and Vargas (2013), Fleming and Measham, (2014), James and James (2012)
and James and Aadland (2011), Michaels (2010), and Papyrakis and Gerlagh (2007). Cust and
Poelhekke (2015) provide a review.
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Policy recommendations for managing natural resource wealth typically seek
to address the mechanisms through which a possible resource curse could
act. For example, improved governance and transparency policies are designed
to deal with the direct negative impacts of resource wealth on institutional
quality (e.g., the Extractive Industries Transparency Initiative). Different
macroeconomic policies are often used to manage potential Dutch disease
effects and macroeconomic volatility associated with commodity prices (e.g.,
sterilisation and sovereign wealth funds).6 Such policies have been in place in
several resource-rich countries since the early 2000s (Arezki et al, 2011), yet the
poor development performance of countries with natural resource sector-driven
economic growth seems unchanged.
I follow a different line of enquiry. If we are concerned with overall living
standards, we must look beyond economic aggregates and examine how natural
resource sectors affect well-being across society. Positive aggregate income effects
arising from resource wealth are unlikely to be spread evenly across society, as
natural resource sectors are closely linked to extractive institutions (Acemoglu
et al, 2001). Standard empirical relationships between higher income levels and
improved health (Summers and Pritchett, 1994), education (Barro and Lee, 1993;
2010; Taubman, 1989), and poverty outcomes (Dollar et al, 2016) may be different
in the context of income from natural resource sectors. In this thesis I examine the
links between natural resource sectors and human development, focusing on (a)
human capital, which I consider as as the combination of health and education
outcomes and an important channel for economic and social mobility in all
economies; (b) spillovers to non-resource sectors, which tend to generate greater
employment opportunities and productivity benefits due to higher labour and
skill intensities (discussed further below); and (c) poverty, the first and foremost
Sustainable Development Goal.
6van der Ploeg and Poelhekke (2009), and van der Ploeg (2011) discuss the importance of
volatility in resource-dependent economies in detail. The Dutch disease is explained below.
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The experiences of natural resource exporting countries in the post-war period
support the argument that “natural capital appears to crowd out human capital,
thereby slowing down the pace of economic development” (Gylfason, 2001).
While human capital has typically been seen as a channel for natural resources
to stunt economic growth (Gylfason and Zoega, 2006), primary commodities
abundance and dependence have been shown to lower broad measures of social
development (Bulte et al, 2005; Carmignani, 2013; Carmignani and Avom, 2010).
To understand how natural resource sector-led economic growth affects long-term
social development trajectories, it is instructive to revisit some of the earliest work
on effects of a booming primary sector on the rest of the economy: the “Gregory
thesis”, or as it is more commonly known, “Dutch disease” theory (Corden, 1984;
Corden and Neary, 1982; Gregory, 1976).
The Dutch disease occurs when growth in export-oriented natural resource
sectors reduce activity levels and employment in other tradable sectors
(e.g., manufacturing and highly-skilled services) by raising factor prices and
reducing competitiveness relative to foreign-produced substitutes (Corden, 1984).
Non-tradable services, usually low-skilled, tend to see an increase in activity
levels and employment. Lagging sectors in a Dutch disease affected economy
are those where profitability and investment incentives are trapped between
rising domestic costs and output prices set in world markets: some parts of
agriculture, skilled tradable services, and most of manufacturing. Dutch disease
theory initially found limited empirical support due to the sheer dominance of
the net income effects of natural resource booms and the diverse experiences
of resource rich countries (Auty, 2001). Today, natural resource sector-driven
growth continues to deliver higher per capita incomes and other signs of economic
development (e.g., urbanisation) without the industrialisation-related structural
change that historically accompanied broad development progress (Vollrath et al,
2015), just as the Dutch disease predicts.
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But do these missing sectors matter? Export-oriented manufacturing
and skilled tradable services are characterised by technological dynamism,
information and productivity spillovers, and other agglomeration effects that
drive economic growth by making capital and other factors of production more
productive (Ellison et al, 2010; Greenstone et al, 2010; Hanson, 2012; Rodrik,
2015).7 Natural resource sectors and non-tradable services, by contrast, are not
skill-intensive, tend to experience less productivity growth, and deliver fewer
productivity spillovers to other industries.8
A sustained resource boom could thus reduce the growth of skilled jobs, lower
returns to existing human capital, and reduce incentives to invest in new human
capital, as predicted by Gylfason (2001) and highlighted in Grilches’ (1969) early
work on the complementarity of physical and human capital. In the short term,
there is likely to be downward pressure on enrolment, retention, and graduation
rates (particularly at higher levels) due to rising demand for labour in low-skilled
industries and the rising opportunity cost of attaining further education. In the
long term, the natural resource sector-driven economy will be poorly positioned
to transition into innovation- and skills-driven economic growth (Eichengreen,
Park, and Shin, 2013). Given the important role of education as a pathway to
economic mobility, structural change in the labour market shapes the distribution
of income and opportunities.9 In developing countries, formal opportunities
vary by sector and structural change redistributing employment across sectors
alters the probability of informal employment. Unskilled non-tradable services
sectors that often boom with natural resource sectors tend to have high levels of
informality and act as a sink for the underemployed, the unemployed, and the
7In explaining why resource booms could lower economic growth (i.e., the “resource curse”),
it was often assumed that it was due to stagnating manufacturing (see, e.g., Matsuyama (1992)
and Torvik (2001)), known for being an “escalator” for economic growth (Rodrik, 2015).
8Lederman and Maloney (2007), Corden and Neary (1982), Krugman (1987), Matsuyama
(1992), and van Wijnbergen (1984) show why this may be the case. Michaels (2010) and Black
et al (2005) provide some recent evidence to the contrary.
9Cassing and Warr (1985) discuss the distributional impacts in a standard Dutch disease model
in more detail.
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poor. A focus on sectors and structural change is thus critical to understand
the human development and distributional consequences of natural resource
sector-driven economic growth.
Distributional aspects of natural resource sectors, particularly mining, have
also been neglected by the literature (Ross, 2007), particularly relating to poverty.
In fact there is a strong negative relationship between a country’s dependence
on resource rents and the amount of data we have about its inequality and
poverty levels (Ross, 2007). Bhattacharyya and Williamson (2013) study Australia,
finding that the richest benefit disproportionately from resource booms, but not
agricultural booms, and note that “ the empirical literature on the inequality and
resource boom connection is relatively thin.” Gylfason and Zoega (2003) and
Goderis and Malone (2011) similarly find that resource booms increase inequality.
Carmignani and Avom (2010) and Carmignani (2013) find that natural resource
abundance and dependence increases income inequality and that this is the key
mechanism through which natural resources can hinder social development.
Turning to poverty, Smith and Wills (2015) exploit detailed global geo-spatial
data and find that oil booms around the world have not benefited the rural
poor. Bhattacharya and Resosudarmo (2015) find that province-level mining
sector growth accelerations actually increase poverty in Indonesia, and Aragon
and Rud (2015) find that gold mining in Ghana significantly worsens poverty in
surrounding areas. In a review paper, Gamu et al (2015) conclude that extractive
industries appear to make limited contributions to poverty reduction. Given the
strong environmental and climate change externalities associated with natural
resource sectors, particularly fossil fuels and palm oil, the development challenges
summarised in this subsection become even more pertinent when considered in
the context of the recently agreed Sustainable Development Goals and the Paris
climate change agreement.
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1.3 A focus on Indonesia
With a population of 253 million, Indonesia is the world’s third most populous
developing country after India and China. Indonesia’s per capita income was
$3,492 USD in 2014. This places Indonesia on the cusp of being classified as an
upper-middle income country, yet 28 million Indonesians (11.4%) lived below the
national poverty line in 2014 and a further 68 million remain vulnerable to poverty
(World Bank, 2014). Indonesia is the world’s largest natural resource-dependent
economy, with coal, natural gas, and palm oil its three largest exports and
responsible for most of the country’s recent economic growth (Garnaut, 2015).
Today Indonesia is the world’s largest exporter of thermal coal and palm oil, two
sectors at the centre of contemporary sustainable development policy debates.
Natural resource-driven economic growth from the 1970s to the early 2000s
supported Indonesia’s rapid industrialisation and provided broad-based benefits
and poverty reduction (Hill, 1996). Indonesia was often regarded as one of the
few developing countries to have not suffered from the “resource curse” for its
post-war development progress (Temple, 2003). The same cannot be said of
the last two decades. Like some African countries, the Indonesian economy
was buoyed through the global economic crisis of 2007–2008 by the commodity
boom of the 2000s (Burke and Resosudarmo, 2012; Hill et al., 2008). Demand
for Indonesia’s industrial crops and mined commodities—driven by economic
expansion in China and other large Asian economies—helped to sustain an
average annual per capita GDP growth of almost 5 percent over the decade, lifting
Indonesia’s income per capita from 15% of the world average in 2001 to 20% in
2011. The share of Indonesia’s main resource exports (oil, natural gas, coal, copper
and palm oil) in total merchandise exports rose from 34 percent to 46 percent,
driven almost entirely by coal and palm oil.10 The real exchange rate rose by
almost 4 percent per year during the 2000s and growth all of Indonesia’s key
10The share of palm oil in merchandise exports rose from 2 percent to 9 percent, and coal from
3 to 14 percent.
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skill-intensive manufacturing industries slowed (Coxhead and Li, 2008; Coxhead,
2014), contributing to more than half of Indonesia’s GDP growth from 1990–1996
but less than a third from 2000. Following the persistent drop in investment after
the Asian financial crisis, capital stock shifted from mostly manufacturing before
2000 to mostly construction, particularly non-residential. The growth of capital
per worker (excluding construction) was very low, even negative, throughout the
2000s (van der Eng, 2009).
The boom of the 2000s was the first for which a labour-intensive agricultural
product like palm oil played a central role. Indonesia exhibits all the symptoms of
a modern Dutch disease-affected economy, continuing to grow and urbanise while
export-oriented manufacturing and skilled services sectors stagnate. Real wages
across all sectors have been flat since the early 2000s (Coxhead, 2014). Indonesia
performs poorly by most international health and education comparisons, with an
already under-educated labour force showing no discernible catch-up relative to
slower-growing economies (Newhouse and Suryadarma, 2011; Suryadarma and
Jones, 2013; World Bank, 2014). The pace of poverty reduction has slowed and
inequality continues to rise, but there remains little evidence on the role that the
resource boom of the 2000s has played in shaping these outcomes (Yusuf, 2013;
World Bank, 2014). In this thesis, I empirically examine how the mining and palm
oil sectors affect some of these development outcomes. This evidence could assist
countries like Indonesia to better align development strategies across different
economic, social, and environmental policy objectives. The environmental
impacts of natural resource sectors have been well documented and are beyond
the scope of this thesis.
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1.4 Thesis purpose and approach
This thesis presents three self-contained empirical research papers on
how two critical natural resource sectors—mining and palm oil—affect
human development outcomes. Human development involves expanding
the opportunities and freedoms offered to all people, and is defined as the ability
to live a long and healthy life, attain knowledge, and have a decent standard of
living.
I focus on health, education, non-resource sectors, and poverty, and apply a
range of econometric techniques to identify the impacts of natural resource sectors
at the (a) country level, using a large international sample; (b) within-country
level, using a national sample of Indonesian districts; and (c) local level, through
three district-specific case studies in Indonesia.
Research methods vary by context and appropriateness for the research
questions at hand. The three research papers use observational data and
exploit quasi-experimental conditions for causal inference. Key methods include
(a) between estimators exploiting variation across units, for long-run effects;
(b) long-differences exploiting differential rates of changes across units, for
medium-run effects; (c) panel data estimators exploiting within unit variation, for
short-run effects; (d) instrumental variable estimators to deal with unobserved
heterogeneity and measurement error; and (e) synthetic control modelling, to
make causal inferences on single case study units.
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1.5 Key research questions and results
Chapter 2—Mining away the Preston curve
The first research paper asks the question: how does mining dependence affect
long-term health and educational development? I estimate the long-term national
health and education impacts of having a larger mining sector, instrumenting the
relative size of the mining sector with the natural geological variation in countries’
fossil fuel endowments to obtain causal effects. By comparing countries with
different structural compositions, I examine the “social productivities” of different
types of economic activity, focusing on fossil fuel extraction.
The findings suggest that countries with larger mining shares tend to have
poorer health and education outcomes than countries with similar per capita
incomes, geographic characteristics, and institutional quality. Doubling the
mining share of an economy corresponds to the infant death rate being twenty
percent higher, life expectancy being five percent lower, total years of education
being twenty percent lower, and seventy percent more people having no formal
education. Divergences from the Preston curve—the concave relationship
between cross-country income and life expectancy (Preston, 1975)—are thus
partly explained by the size of the mining sector. I test the generality of my
results by estimating an analogous model using a large cross-section of Indonesian
districts. Similar patterns are observed. I also provide evidence on key causal
mechanisms, finding that mining dependence is associated with lower levels of
non-mining income, lower health investment, and weaker democratic institutions.
The findings of this chapter provide support for a growing body of evidence
linking mining to poorer average living standards, particularly vis-a-vis other
types of income.
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Chapter 3—Is plantation agriculture good for the poor?
Chapter 3 turns to the world’s largest modern plantation-based agricultural
expansion. I ask whether Indonesian districts that converted more land into oil
palm plantations over the 2000s now have lower poverty as a result. I combine
administrative information on local oil palm acreage at the district level with
survey-based estimates of district poverty, and relate decadal changes in oil
palm plantation area to changes in district poverty rates to compare the poverty
elasticity of oil palm land against alternative uses for land (e.g., rice and forestry).
Causal effects are identified by instrumenting the size of each districts’ oil palm
expansion with its relative agro-climatic suitability for the crop.
The key finding is that districts with larger oil palm expansion have
achieved more poverty reduction than otherwise-similar districts without oil
palm expansion. The magnitude of the estimated poverty reduction from
increasing the district share of oil palm land by ten percentage points from
my preferred estimator is around 40% of the initial poverty rate. Poverty
gaps significantly narrow, suggesting not only those near the poverty line are
being lifted up. I assess short-term effects and dynamics using standard panel
estimators with distributed lags and I find no evidence of any major effect
heterogeneity when I disaggregate by large plantations and smallholders. Similar
effects are also observed across Indonesia’s major palm oil producing regions and
at the province level. I find evidence of minor spillovers to other local economic
activities. Oil palm expansion tends to be followed by a small but sustained
boost to the value of agricultural, manufacturing, and total district output. While
the links between agriculture and poverty have been widely studied, plantation
agriculture has received relatively little attention. To my knowledge, I provide
the first estimates of the poverty elasticities plantation-based agricultural growth.
That oil palm growth has been pro-poor in Indonesia is consistent with existing
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findings on agricultural-based growth.11 This new evidence will be able to inform
an ongoing policy debate on the future of palm oil across the developing world.
Chapter 4—Local impacts of resource booms
The final research paper asks: how does rapid natural resource sector
expansion affect a local district economy and its residents’ welfare? To answer this
question, I present three quantitative case studies. I focus on Indonesia’s three
largest export commodities at the heart of modern climate change debates and
exploit some of the largest and most sudden increases in district-level production:
palm oil in Indragiri Hilir, Riau; coal mining in Tapin, South Kalimantan; and a
giant natural gas project in the Bintuni Bay of West Papua. The three sectors have
all been argued to be economic enclaves, but have starkly different characteristics.
I use a relatively new empirical method—synthetic control modeling—to
construct a “synthetic” comparison district for each resource boom district.
This allows me to compare the booming districts’ key economic and human
development indicators—per capita economic output, its components, average
household expenditures, and poverty rates—with reasonable counterfactuals.
The findings suggest that all three sectors transform the local economy and
reduce poverty. Palm oil expansion in Indragiri Hilir delivered a small boost
to all sectors of the economy, and strong poverty reduction. Coal mining in
Tapin reduced agricultural and services sector output, but also delivered strong
poverty reduction. The Tangguh natural gas project in West Papua delivered
a massive increase in local economic output, but a more muted response to
average household welfare and poverty and a contraction in the agricultural
sector. Together the three case studies highlight how more diffuse natural
resource sectors tend to deliver more broad-based benefits for the local economy
and its residents. For natural resource sectors with highly concentrated rents (e.g.,
11See Dercon (2009) and Dercon and Gollin (2014) for reviews.
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natural gas), resource sector growth alone does not appear to deliver economic
development in other sectors or commensurate improvements to local residents’
welfare. The findings from these three case studies contribute to a nascent but
rapidly growing empirical literature on the local economic and poverty impacts
of booming natural resource sectors.12
1.6 Methodological contributions
A focus on sectors
Throughout the thesis, my analytical focus is on the impacts of natural resource
sectors. The literature’s traditional focus has been on resource endowments
exogenously determined by nature, and natural resource exports largely driven by
external demand. A focus on natural resource sectors has greater policy relevance,
as sector size is a function of policy choices and subject to a range of national
and subnational policy instruments. In each chapter I introduce new measures
of natural resource sector size and activity. In Chapter 2, I introduce a new
measure for country-level resource dependence: mining value-added and mining
value-added as a share of GDP. In Chapter 3 I measure district-level palm oil
sector intensity with the share of total district area used for palm oil plantations.
Focusing on land use change allows me to compare the development impacts of
more oil palm land against all alternative uses of land—the opportunity cost. My
three district-level case studies in Chapter 4 define local resource booms as events
where the district economy experiences a sharp and sudden increase in resource
sector output. Examining time series for resource sector output allows me to
identify episodes of resource expansion appropriately classified as dichotomous
treatments for event study.
12See Cust and Poelhekke (2015) and Gamu et al (2015) for reviews.
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Empirical strategies
The primary contributions of this thesis are the new empirical results
described above, but I also introduce several methodological innovations. The
empirical method used in Chapter 2 builds on the instrumental variable strategies
of van der Ploeg and Poelhekke (2010) and Carmignani (2013), who instrument
natural resource share of exports with estimated natural resource reserves. I
extend this approach to focus on the mining sectors and explicitly address
potential measurement error in observed historical resource endowments by
controlling for historical exploration effort. My novel proxy for exploration effort
is the total number of exploratory oil and gas wildcats drilled in each country over
the 20th century.
In Chapter 3 I introduce a new instrumental variable strategy to study causal
effects of agricultural sector growth. By exploiting detailed geo-spatial data on
agro-climatic suitability for oil palm for every field in Indonesia, I can identify the
local average partial effect of oil palm expansion arising from purely exogenous
agro-climatic conditions shaping the incentives to develop oil palm plantations.
Data are taken from the Global Agro-ecological Zones database of the Food and
Agricultural Organisation of the United Nations (Fischer et al, 2002). Each pixel
is matched to Indonesian district boundaries. By also controlling for potential
yields of other crops that could share agro-climatic suitability characteristics with
oil palm, I ensure the identifying variation relates only to oil palm and not other
types of agriculture.
An additional empirical innovation in Chapter 3 is use of plausibly exogenous
identifying variation for my panel fixed effects estimates. I exploit the fact that
district heads must apply to the central government for approval to convert
land into oil palm plantations. This generates uncertain (i.e., subject to some
degree of randomness) variation in the timing of approvals within districts
and the outcomes of the decisions across districts. This identification strategy
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builds on Burgess et al (2012), who similarly argue that the timing of district
splits through Indonesia’s recent decentralisation is exogenous in a panel data
setting. Convoluted oil palm and forestry regulations across different levels of
government arguably strengthen the case for exogenous timing relative to the
more formalised arrangements for setting up new administrative units (Fitriani
et al, 2005; Resosudarmo, 2005).
My unique application of a relatively new method—the synthetic control
method—in Chapter 4 should also be of demonstrative utility. Sub-national
panel data are becoming increasingly available and policies and decision-making
are commonly devolved to sub-national administrative units. I show how the
synthetic control method can be applied to analyse the impacts of major policies
and economic shocks to single administrative units in the Indonesian context. This
is just the second sub-national application of the synthetic control method to study
the effects of resource shocks and the first in a developing country context.
1.7 Organisation
The thesis has five chapters. Chapters 2–4 present the core research. Chapter
2 examines the long-term health and education impacts of economic dependence
on the mining sector, internationally across countries and across districts in
Indonesia. Chapter 3 turns to diffuse natural resources, studying the poverty
impacts of rapid growth in the palm oil sector in Indonesia. Chapter 4 presents
three district-level case studies of the local economic and welfare impacts of
growth in the palm oil, coal, and natural gas sectors in Indonesia. Chapter 5 briefly
discusses the implications of my findings and outlines some possible directions
for future research.
Chapter 2
Mining away the Preston curve
Abstract
I estimate the long-term national health and education impacts of having a
larger mining share in the economy. By instrumenting the relative size of
the mining sector with the natural geological variation in countries’ fossil fuel
endowments, I provide evidence suggestive of a causal relationship. The
findings suggest that countries with larger mining shares tend to have poorer
health and education outcomes than countries with similar per capita incomes,
geographic characteristics, and institutional quality. Doubling the mining
share of an economy corresponds to, on average, the infant death rate being
twenty percent higher, life expectancy being five percent lower, total years of
education being twenty percent lower, and seventy percent more people having no
formal education. Divergences from the Preston curve—the concave relationship
between cross-country income and life expectancy that has long been of interest
to economists, demographers, and epidemiologists—are thus partly explained by
the size of the mining sector. Within-country evidence from Indonesia paints
a similar picture. My results provide support for a growing body of evidence
linking mining to poorer average living standards, particularly vis-a-vis other
types of income. I also estimate the effects of national mining dependence on




Resource-rich Equatorial Guinea had a gross national income of $14, 320 per
capita in 2013, yet more than three-quarters of its population lives below the
poverty line, and life expectancy at birth is 20 years less than other high-income,
non-OECD countries. Africa grew fast on the back of the global commodity boom
in the 2000s, but progress in reducing poverty has been disappointing (World
Bank, 2013). The fate of much of the world’s poor is tied to mining, with at least
half of the world’s known oil, natural gas, and mineral reserves in non OECD,
non-OPEC countries. Resource-driven economies are home to around 70 percent
of the world’s extreme poor.13
The economic and institutional effects of natural resources and a booming
resource sector have been well studied, but evidence on how extractive industries
relate to social outcomes remains thin (see van der Ploeg (2011) and Wick and
Bulte (2009) for reviews). Human capital is typically seen as a channel for
natural resources to stunt economic growth (Gylfason and Zoega, 2006), although
primary commodities can also directly impede social development (Carmignani,
2013). To my knowledge, an international study is yet to focus on mining sector
output nor examine its effects on national health and education outcomes.
In this chapter I compare countries with different structural compositions
to look at the “social productivities” of different types of economic activity,
focusing on fossil fuel extraction. I exploit geological variation in countries’
fossil fuel endowments to identify the long-term effects of mining on health and
education. I find that countries with more mining tend to have poorer health and
education outcomes than countries with similar per capita incomes, geographic
characteristics, and institutional quality. My estimates suggest that doubling the
mining share of an economy corresponds to the infant death rate being twenty
percent higher, life expectancy being five percent lower, total years of education
13’Resource-driven economies’ are categorised according to the typology in McKinsey Global
Institute (2014), using World Bank (2014) data.
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being twenty percent lower, and seventy percent more people having no formal
education. Within-country evidence from Indonesian districts reveals similar
patterns. Just some types of economic growth (e.g., agriculture) are better at
reducing poverty (Christiaensen et al, 2012), non-mining income is on average
better for health and education than income from the mining sector.
Figure 2.1: Preston Curve, 2005
The findings help to understand divergences from the Preston curve, the
concave relationship between cross-country income and life expectancy that has
long been of interest to economists, demographers, and epidemiologists (Deaton,
2013; Preston, 1975). In Figure 2.1, I plot life expectancy at birth against per capita
income, with countries weighted by contribution of mining to value added. I do
the same for years of education in Figure 2.2. Countries with larger mining sectors
tend to have poorer health and education outcomes than expected at their income
level.
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Figure 2.2: Educational Attainment, Income, and Mining, 2005
The chapter proceeds as follows. In Section 2.2, I provide a conceptual
framework linking mining to health and education. Section 2.3 explains the
instrumental variable (IV) strategy used in my main estimates. Section 2.4
presents the national-level results, compares the health and education elasticities
of mining income with income from other sectors, and explores potential
mechanisms. Section 2.5 presents similar evidence from Indonesian districts.
Section 2.6 concludes.
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2.2 Linking mining to health and education
Why would the mining sector affect a country’s infant mortality rate or life
expectancy? The size of the mining sector can be linked to national health and
education outcomes through three main channels: income and Dutch disease
effects; investment in health and education, by individuals and governments; and
various institutional channels (Figure 2.3, dotted lines and clear boxes).
A larger share of mining in the economy could benefit health and education by
boosting income. While a substantial body of research argues natural resources
can hinder long-term economic growth, evidence remains mixed and recent
studies demonstrate clear long-term positive income effects from the discovery of
large resource wealth stocks (Mideksa, 2013; Smith, 2015). Such discoveries can
lead to significant health improvements (Cotet and Tsui, 2013). Net income effects
arising from a larger mining sector depend on the size of the mining expansion,
its effects on other sectors of the economy, and the distribution of mining and
non-mining income. Dutch disease occurs when resource exports generate large
balance of payments surpluses, appreciating the real exchange rate and increasing
relative prices for non-tradable inputs. Coupling these price and exchange rate
effects with higher demand from a mining boom, other trade-exposed sectors tend
to be less competitive and are often permanently displaced (Corden, 1984). In
extreme cases, booming mining sectors can have similar effects on non-resource
sectors as large tariffs (Gregory, 1976). Because manufacturing and other tradable
sectors tend to more intensively use human and physical capital, booming sector
dynamics often lead to less capital in the economy (Mikesell, 1997). Positive health
and education impacts of a mining-driven income boost are also likely to be offset
by the unequal distribution of new income, as countries with greater primary
commodity dependence tend to have higher inequality, which in turn affects social
development trajectories (Carmignani and Avom, 2010).
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The second main channel is human capital investment, which tends to be lower
in mining-dependent countries due to lower expected returns to skills, education,
and knowledge (Blanco and Grier, 2012). At the micro level, a booming mining
sector alters the incentives for human capital development. Trade-exposed
modern sectors are typically more labour and human capital intensive, with
higher wage premiums for educated workers and greater innovation. Conversely,
primary commodity sectors tend to use less skilled labour and have fewer linkages
to other sectors of the economy, effectively taxing human capital if they divert
people and resources away from higher skilled activities (Matsuyama, 1992). For
example, oil resources tend to orient university students towards specialisations
providing better access to resource rents (Ebeke et al., 2015).14 With poorer
micro-level incentives for investment in skills and education, private health
investment is unlikely to respond much differently. Long-term positive spillovers
from natural resources typically hinge on resource revenues strengthening
governments’ fiscal positions, enabling increased investment in health and
education and “spreading the benefits” (Arezki et al, 2011). Volatility—argued by
the van der Ploeg and Poelhekke, (2009) to be the “quintessence of any resource
curse”—-makes this difficult, as short-term political and economic horizons in
volatile economies provide little incentive to prioritise long-term health and
education investments. Rather, commodity price uncertainty often corresponds
to erratic and restrictive public spending and even long-run neglect (Gylfason
and Zoega, 2006; Mikesell, 1997). Acemoglu et al (2013) find the health spending
elasticity of resource-related income is well below one and there remains scant
evidence of resource revenues being converted into effective public investment
(Caselli and Michaels, 2013).
Extractive industries go hand in hand with the extractive institutions
historically associated with poorer health conditions (Acemoglu et al., 2001). The
challenges of managing natural resources tend to be less severe in the presence of
14Note that some of these sectors can be highly skilled, or example geology and engineering.
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good institutions (Boschini et al., 2013; Farhadi et al., 2015; Mehlum et al., 2006),
but poorer institutions also directly harm health and educational development.
For example, a high level of corruption and poor government effectiveness
can lead to systemic health and education system failure. Resource-related
conflict can not only undermine health and education service delivery and the
incentives governing human capital accumulation, but cause sudden depletions
of human capital stock and long-term health and cognitive impacts (de Soyza
and Gizelis, 2013; Lei and Michaels, 2014; Williams, 2011). Political institutions
in mining-focused economies provide little incentive for broad-based human
capital investment. Increasing the average level of education and facilitating
the growth of an urban middle class undermines elites’ control of rents: a
dynamic underwritten by weaker democratic accountability in resource exporters
and reflected in their generally poorer health outcomes (Besley and Kudamatsu,
2006; Ross, 2001; Sokoloff and Engerman, 2000; Tsui, 2011). Lastly, rent
holders often use their political power to promote sub-optimal policies, resisting
industrialisation (and urbanisation) and reinforcing any Dutch disease and
investment effects (Auty, 1997).
A potential mechanism receiving attention in emergent work on the local
impacts of mining also bears a mention: pollution (see Cust and Poelhekke
(2015) for a review). Pollutants emitted from mining operations are some
of the most toxic, associated with premature births, lower birth weights and
weight-for-height ratios, stunting, anaemia, increased respiratory illness, malaria,
and less intelligence (Factor-Litvak et al, 1999; Iyengar and Nair, 2000; 2014; Saha
et al., 2011). Aragon and Rud (2015) study the impacts of 12 gold mines in
Ghana on local agricultural production, finding large decreases in productivity
and greater poverty likely to stymie human capital development (e.g., through
nutrition). While pollution mostly affects exposed communities (i.e., unlikely
to drive any national-level effects), cumulative impacts on cognitive and other
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long-term development outcomes could be significant; it would be naive to
rule out their potential role in shaping national social development outcomes,
particularly in smaller economies.
In this chapter I focus on the reduced-form effects of mining on health
and education (solid lines, shaded boxes in Figure 2.3), holding income and
institutions constant (dotted lines, clear boxes). I focus on the mining share of
income and estimate partial elasticities, to compare the long-term health and
education effects of mining income with income from other sectors. I then extend
this approach to empirically test some potential channels outlined in this section.
2.3 Empirical approach
I relate the mining share of the economy to national health and education
outcomes with the equation:
ln(yc) = αln(Mc) + βX
′
c + uc (2.1)
where yc is the general health conditions or educational attainment in country c;
M is the percentage contribution of mining to value-added; and X ′ includes per
capita gross domestic product (GDP), the absolute distance from the equator, an
index of institutional quality, and the total number of wildcats drilled in the 20th
century (exploratory drilling, known as wildcat drilling because of wild cats seen
in remote areas explored in the early 20th century). Standard errors are adjusted
for arbitrary heteroskedasticity. Logs account for skewness inM , y, and per capita
GDP, and provide convenient partial elasticity interpretations: when a country’s
mining share of total value-added increases by one percent, health and education
indicators are expected to rise or fall by α percent in the long run, holding all else
constant.
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National health and education indicators are some of the slower moving
cross-country variables and exhibit strong serial correlation. The timing of
potential effects is difficult to correctly specify due to the long and non-uniform
lags in the system governing human capital accumulation, but doing so is critical
to detect any average effects and understand long-run magnitudes. My preferred
estimator is the classic “between” approach, ignoring short-run dynamics (unlike
static fixed-effects models) and providing long-run effects (Baltagi and Griffin,
1984; Burke and Nishitateno, 2015; Stern, 2010). By exploiting the long-run
equilibrium differences between countries in a large international cross-section in
2005, I obtain a natural long-run interpretation, retain the cross-country variation
of interest, and make few ad-hoc timing assumptions.
2.3.1 Instrumental variable strategy
Associative relationships between mining and health and education outcomes
cannot be taken as conclusive evidence more mining causes poorer health
and education outcomes. Countries with less human capital might tend
towards the primary sectors, “selecting” into mining (Alexeev and Conrad, 2009;
Brunnschweiler and Bulte, 2008). Estimation with ordinary least squares (OLS)
could lead to biased and inconsistent estimates, e.g., due to measurement error,
reverse causality, or correlation with other unobservable factors. For example,
economic activity in the mining sector may be affected by human capital stock and
capabilities, suggesting potential reverse causality through the supply of mining
engineers, exploration abilities, mining technology, cost competitiveness, and
capabilities in other sectors: factors mostly unobservable and difficult to control
for. National-level mining is affected by domestic policy settings and the decisions
of people and firms, so strong exogenous variation is needed to identify causal
effects.
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My identification strategy exploits the fact that countries must be endowed
with natural resources before they can have a mining sector. I instrument the
contribution of mining to value-added in 2005 with national per capita fossil fuel
reserves (i.e., coal, oil, and gas) deeply lagged to 1971 to allow sufficient time to
evolve into mining sector activity.15
Instrument relevance and strength
Instrumenting mining share with deeply lagged per capita fossil fuel reserves
has important implications for the interpretation of my estimates. I estimate
the local average partial effect of a country having a larger mining share due to
greater initial fossil fuel reserves, i.e., relating more to dependence on coal mining
and oil and gas extraction than mineral extraction. First-stage coefficients are
positive and statistically significant at the one percent level, with around half
of the variation in 2005 mining shares explained by 1971 per capita fossil fuel
reserves. The combination of per capita coal, oil, and gas reserves provides the
broadest commodity coverage and strongest identification.16
A weak IV problem can be present even with highly significant first-stage
coefficients, so I provide weak IV diagnostics with all results. I report the
Kleibergen-Paap (2006) rk Wald F statistic with all IV estimates with the highest
Stock-Yogo (2005) critical value of 16.38 for one endogenous regressor, a single
instrument, and 10% maximal IV size. An excluded-F statistic greater than
10 is the more common benchmark for sufficient instrument strength (Staiger
and Stock, 1997). With a large international sample and a single strong IV, I
obtain consistent long-run causal estimates with the smallest bias if the exclusion
restriction is satisfied.
15Using 1971 reserves as an instrument for the mining sector in a between-country setting is
the most appropriate use of this instrument, as it does not provide any temporal variation. As my
dependent variable is slow-moving and my IV from 1971, I am also not overly dependent on any
moment in time. Estimates from alternative time periods and using country averages are similar
and provided in the Chapter Appendix.
16By contrast, national mineral reserves in the 1970s are large in scale but only weakly correlated
with mining dependence: an empirically irrelevant potential instrument.
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Instrument validity
For the exclusion restriction to be satisfied, proven reserves in 1971 can have
no relationship with the dependent variables except through the mining sector,
holding other controls constant. If the geological allocation of fossil fuel reserves is
a product of nature and luck—as argued by Carmignani (2013) and van der Ploeg
and Poelhekke (2010)—then it is orthogonal to the unobservable and unmalleable
factors affecting my outcomes and the exclusion restriction is satisfied. Causal
pathways other than mining would be ruled out by design: the primary channel
for sub-soil reserves in 1971 to affect socioeconomic outcomes since 1971 is
through the current, past, and future size of the mining sector, with future size
likely to be a function of current size and endowments.17
That reserves are proven however gives them a non-random component.
While countries cannot decide and enact policies to create fossil fuel endowments,
they can enact policies that may increase the likelihood unknown resource
endowments will become known. If reserves are random but measured with error
(i.e., depending on exploration effort, income, institutions, and other historical
factors) then the exclusion restriction is valid conditional on including the factors
explaining any systematic measurement error in the reserves. By controlling
for per capita income, institutions, geography, and exploration effort, I seek
to isolate the natural geological component of measured reserves. The critical
identification assumption is that my covariates control for all relevant omitted
variables and systematic error: not an implausible assumption, but impossible
to prove in observational studies with external instruments. I present two
additional pieces of evidence suggesting the probability of my main identification
17Bazzi and Clemens (2013) show how many popular IVs can only be valid in one application
due to possible violation of the exclusion restriction, and highlight the common confusion between
exogeneity and orthogonality in applied work (e.g., rainfall, price, geographical, and lagged
instruments). The exclusion restriction for a given instrument can only be not rejected after
considering all previous uses, then providing a convincing argument that: (a) past instrumented
explanatory variables are part of the same causal chain; or (b) past usage is invalid. van der Ploeg
and Poelhekke (2010) and Carmignani (2013) use Norman (2009) reserves to instrument natural
resource exports, but mining comes before exporting in the same causal chain.
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assumption being violated is likely to be low. Firstly, I adopt the common
heuristic that coefficient stability to additional control variables can be informative
about potential omitted variable bias (Altonji et al., 2005; Bellows and Miguel,
2009) and conduct sensitivity analysis using a wide range of variables plausibly
correlated with potential measurement error in fossil fuel reserves. Secondly, as
unobservable country-specific factors cannot be ruled out, I present analogous
within-country evidence from Indonesia.
2.3.2 Data
My health dependent variables are the mortality rate for infants aged one year
and below (per thousand births) and life expectancy at birth from the World
Bank (2014). Education variables are the average years of education attained
and the percentage of the population with no formal schooling for the total
population and youth from Barro and Lee (2010). The poorest performers in
terms of infant health conditions and years of schooling tend to be equatorial
low-income countries with poorer institutions (see maps in Chapter Appendix).
I estimate impacts on different indicators separately to allow for heterogeneity
across indicators and a more precise interpretation (c.f., interpreting effects on
composite indexes).
My explanatory variable of interest is the contribution of mining to
value-added, taken from the United Nations (UN) Environmental Indicators and
available for 1995–2008. Mining is defined following International Standard
Classification 0509 and includes the extraction of coal, lignite, metal ores, crude
petroleum and natural gas, as well as mining support services (UN, 2013). Mining
value-added is more useful than previous proxies for natural resources—namely,
exports (Sachs and Warner, 2001), estimated natural capital and resource rents
(Brunnschweiler and Bulte, 2008), and commodity prices (Collier and Goderis,
2012)—because it explicitly captures economic activity in the mining sector and
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is affected by policy choices. To my knowledge, the UN data are only publicly
available national-level data for mining sector output across countries and not
yet used in any resource curse studies. Figure 2.4 illustrates the contribution of
mining to value-added around the world in 2005, with noticeable variation across
continents and income groups.
My national per capita fossil fuel reserves IV is taken from Norman (2009),
and generally regarded as some of the more reliable and exogenous of the
different natural resource stock measures currently available (van der Ploeg and
Poelhekke, 2010; Carmignani, 2013). Norman (2009) constructs her dataset by
adding extraction of oil, coal, natural gas, and minerals from 1970—2001 to proven
reserves in 2002. I convert Norman’s original measures into per capita terms
and combine the oil, coal, and natural gas components to obtain per capita fossil
fuel reserves in 1971, in 1971 prices, presented in Figure 2.5. Heavily-endowed
countries are from all continents and income groups, and not necessarily the
countries with the largest mining shares (c.f., Figure 2.4). The conversion of large
fossil fuel reserves to large mining shares is an outcome of choices.
Per capita GDP controls for a country’s income and level of development,
and is taken from the Penn World Tables in purchasing power parity, 2005
constant prices, and in per capita terms to scale for population size (Heston
et al., 2012). Latitude (i.e., the absolute distance from the equator) controls
for countries’ location, remoteness, the effects of tropical diseases, and regional
trade effects (Sala-i-Martin et al., 2004).18 My preferred proxy for institutional
quality is the World Bank’s government effectiveness index, strongly correlated
to traditional measures of institutions, but also picking up service delivery
capabilities (Kaufman et al., 2013). Lastly, I include the total number of wells
drilled in areas where no oil production exists (wildcats), summed over the
20th century (Cotet and Tsui, 2013). Wildcat drilling is a useful proxy for
18Regional fixed effects yield similar results, but latitude achieves the same purpose more
parsimoniously and allows for a stronger first-stage in the IV estimates. Results with regional
fixed effects are provided in Column 1 of Table 2.3.
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country-specific mining exploration effort, investment, history, and technological
capabilities.
My parsimonious set of controls explain substantial international variation in
health and education outcomes, and has implications for interpreting the mining
coefficients. The estimated partial effect of mining due to higher initial fossil
fuel endowments is from economies of comparable levels of GDP per capita,
location, institutional quality, and exploration effort, excluding effects through
these channels: I compare whether countries at a given income level have better
health and education outcomes because of the structure of their economies.
Summary statistics for mining share, per capita fossil fuel reserves, and key
dependent variables in 2005 are presented in Table 2.1. Column 1 includes the full
sample and the remaining columns split the sample by countries whose mining
share in GDP is larger or smaller than thirty percent. Health and education
outcomes tend to be worse in high-mining countries (Column 2).








































































































































































































































































































































































































2.4.1 Health and education effects of mining sector growth
My main results are presented in Table 2.2. Panel A presents results for
children and youth and Panel B for the total population. OLS and IV estimates are
presented for all outcomes. Coefficients for mining are statistically significant in
all IV estimates, and the signs and magnitudes suggest the prominence of mining
contributes to large international differences in health and education outcomes
across countries.
In Panel A of Table 2.2, Columns 1 and 2 look at infant mortality. The estimated
coefficients in Column 2 suggest doubling the share of mining in the economy
related to greater initial fossil fuel endowments corresponds to, on average, an 18
percent increase in the infant mortality rate in the long run. Doubling the size of
the mining sector in a country with the mean infant mortality rate, i.e., 34 per 1000,
is expected to lead that country to settle at an infant mortality rate of 40 per 1000,
holding all else constant. The OLS estimate in Column 1 is slightly biased towards
zero, as expected.19 The rest of Panel A in Table 2.2 reports the effect of mining
on national educational outcomes for youth. Column 3 presents the OLS estimate
on average years of educational attainment: a small and statistically insignificant
negative effect. The IV estimate in Column 4 is less ambiguous. Doubling the
share of mining due to greater initial fossil fuel endowments leads to around
21 percent fewer years of schooling, or a reduction in educational attainment
from 7.7 to 6.2 years in the mean-educated country. Columns 5 and 6 look at
the percentage of the young people with no education, picking up completely
19Coefficients on mining share obtained from my IV estimates in Table 2.2 are best considered
lower bounds for four reasons. Firstly, I control for (hold constant) key potential channels.
Secondly, IV estimates in finite samples tend to be biased the same direction as OLS (downwards,
in this case). Third, between estimation detects only contemporaneous and long-run effects,
making it difficult for treatment to affect the outcome variable in countries with recent mining
expansions. Finally, estimates on cohort-specific indicators tend to underestimate long-term
population effects, although I have used extensive-margin indicators (e.g., infant mortality, youth






















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































discouraged, disengaged, or excluded young people. The OLS coefficient in
Column 5 is positive and statistically significant at the one percent level, rising to
1.095 in Column 6. Single equation estimates not accounting for the endogenous
response of mining to human capital appear to tend towards zero, consistent with
earlier conflicting findings (Gylfason 2001; Stijns, 2006).
In Panel B, I turn to life expectancy and educational attainment indicators for
the whole population. Columns 7 and 8 show countries with more mining in their
economies tend to have lower life expectancies than other countries at a similar
income level. Results for years of education in Columns 9 and 10 of Panel B
are similar to youth, as expected exploiting between country variation. Results
for the percentage of the population (Columns 11 and 12) with no education
are of a lesser magnitude than for youth, although economically quite large.
Applied to the sample mean of 17 percent, doubling the mining share results
in the uneducated share of the population rising to almost 30 percent in the
long run. The Kleibergen-Paap rk Wald F statistic of 16.43 exceeds the highest
Stock-Yogo critical value (16.38) across all estimates in Table 2.2, providing no
evidence of a weak IV. Per capita income is the most important control, statistically
significant at the one percent level and of a similar magnitude in all estimates.
Coefficients on constants, controls, and the excluded instrument are not reported




























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































If the exclusion restrictions for my IV estimates are valid, potential omitted
variable problems are overcome. Satisfying the exclusion restriction relies on
the assumption that the covariates control for all relevant omitted variables
and systematic error in measurement of observed reserves. Table 2.3 presents
IV estimates with additional controls arguably related to potential error in
observed fossil fuels. I use the median-unbiased limited information maximum
likelihood (LIML) estimator with a Fuller parameter of one for improved inference
with weaker instruments (Fuller, 1977). Column 1 includes regional fixed
effects, Columns 2–4 deeply lagged values of income, health, and education,
and Columns 5–10 institutional factors potentially affecting the detection and
measurement of reserves. Columns 1–10 of Panel A show how further restricting
the variation in reserves exploited has little effect on the size or direction of the
infant mortality estimates. Column 11 instruments mining share with total per
capita reserves from Norman (2009), i.e., including minerals. Results are similar,
but with weaker identification. Column 12 shows that a similar result is obtained
instrumenting mining share with an alternative measure of oil endowment from
the Association for the Study of Peak Oil and Gas, estimated by geologists and
factoring in cumulative discovery and local geological conditions (Tsui, 2011;
Cotet and Tsui, 2013).
Panels B and C of Table 2.3 present sensitivity analysis for the main education
estimates. Including a deep lag for years of education (Column 4) renders
the main result insignificant for both indicators; the global mining sector was
already developed in 1971 and the distribution of years of schooling across
countries is persistent and has not changed significantly since. In Panel B, other
initial controls and institutional indicators do not significantly affect the result
for years of schooling, except for settler mortality, which halves the sample.
Instrumenting mining share with total per capita mineral, oil, coal, and natural
§2.4 Results 41
gas reserves (Column 11) gives a similar result, and the coefficient obtained
from instrumenting with the alternative oil endowment measure (Column 12) is
less significant but of the same sign. In Panel C of Table 2.3, estimates for the
percentage of the population with no schooling are similar to those for years of
schooling. Second-stage coefficients are relatively stable to the inclusion of a wide
range of additional covariates, suggesting further omitted variables are unlikely
to have any major effects on my results. Further robustness checks are provided
in the Chapter Appendix, including estimates using alternative periods, country
averages, alternative measures of the size of the mining sector, and dropping
resource-rich mini-states and other outliers.
2.4.3 Health and education elasticities of income, by sector
Until now I have focused on the share of mining in the economy, holding
per capita incomes constant. The net effects of mining are ambiguous if we
move from partial to general equilibrium, as crowding-out may be more than
one-for-one (e.g., as in the Dutch disease case), or learning-by-doing and upstream
spillovers may occur (as was the case for Norway (Torvik; 2001; Mideksa, 2013)).
I now compare the health and education elasticities of mining income with
income from other sectors by extending my main approach to level terms. I
multiply mining share by total per capita income in PPP terms to obtain per capita
mining income deflated by the economy-wide GDP deflator (c.f., sector-specific
deflators). I replace the per capita GDP control with per capita non-mining
income to hold income from other sectors constant. Per capita agricultural income,
non-agricultural income, manufacturing income, and non-manufacturing income
are constructed with the same UN (2014) national accounts to compare across
sectors. I instrument mining income with per capita fossil fuel reserves in
1971 and agricultural income with per capita arable land (World Bank, 2014).
Manufacturing is not instrumented.
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The long-term health and education elasticities of income from mining,
agriculture, and manufacturing are presented in Figure 2.6.20 The bars represent
point estimates and the whiskers 95 percent robust confidence intervals. With
narrow confidence intervals, mining income, on average, appears to be of
significant net harm to long-term health and education outcomes when income
from other sectors is held constant. Coefficients on agricultural income show
imprecise negative effects, and non-mining and manufacturing income are
associated with better health and education outcomes. The large gap between
non-mining income and manufacturing income suggests services likely play a
major role (services are not a clear category in UN national accounts data, so
omitted from the analysis). When it comes to mining income, wealthier is
not necessarily healthier (c.f., Pritchett and Summers, 1996). Income from the
non-mining sectors tends to be better for health and educational development.
20The formal regression results behind each of the bars in Figure 2.6 are presented in the
Chapter Appendix. Bars represent the coefficients on sectoral income with robust 95 percent
confidence intervals and the standard covariates are included in all estimates. Mining and
agricultural income coefficients are obtained from IV estimation and manufacturing from OLS.
Mining is instrumented with per capita fossil fuel reserves in 1971 and agriculture with log per




































Torvik (2009) argues “the most interesting aspect of the paradox of plenty is
not the average effect of natural resources, but its variation. For every Nigeria
or Venezuela there is a Norway or Botswana.” Two main types of heterogeneity
could be masked by my main results: different effects among those countries
with fossil fuel reserves, and different effects for different types of primary
commodities. I estimate my main results by sub-samples to explore variation by
region and institutional characteristics used to explain winners and losers in the
natural resource lottery (Torvik, 2009). Health results are consistent across regions
and institutions, but education results are more varied (see Chapter Appendix).
Estimated coefficients turn positive or insignificant in parliamentary democracies,
in countries with less than 80 percent of the population of one faith, and excluding
the Middle East and Africa, suggesting this region drives the main education
results.
My main IV estimates identify the local average partial effects of mining related
to fossil fuel abundance. While including minerals gives similar results (Table 2.3),
oil and natural gas are special point resources known to exacerbate the resource
curse. To explore potential heterogeneity in mining dependence related to each
type of reserves, I instrument mining share with separate per capita oil, gas,
mineral, and coal reserves. Oil and gas extraction have stronger negative health
and education effects than the main estimates and coal mining appears harmful
for health (see Chapter Appendix). Conclusions cannot be drawn in relation to
mining dependence arising from mineral abundance due to weak identification.
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2.4.5 Potential channels
I now empirically test for direct links between mining dependence and
non-mining income, human capital investment, and institutions (dotted lines
and clear boxes in Figure 3). I use the same IV approach, with proxies for
these potential channels as dependent variables. Table 2.4 presents the results.
Column 1 of Panel A shows that doubling the mining share corresponds to a 10
percent reduction in the level of non-mining income. The non-mining economy
is responsible for, on average, 11 times more value-added than mining, making
magnitudes economically significant, particularly given the opportunity cost of
other welfare-improving modern sectors (UN, 2013). Columns 2 and 3 find more
mining corresponds to countries investing less in health per capita and as a share
of total government spending. Columns 4 and 5 provide no evidence a larger
mining share leads to less investment in education per capita or as a share of total
government spending, perhaps reflecting the recent policy shift by resource-rich
countries towards education investment and contradicting prior studies showing
that natural resources divert financial resources away from education (Gylfason,
2001).
In Panel B of Table 2.4 I examine governance-related institutional indicators:
government effectiveness, corruption, and gender equality. Columns 6 and
7 show that countries with a larger mining share score lower on indices of
government effectiveness and control of corruption (Kaufman et al, 2013).
Column 8 shows Transparency International’s Corruption Perceptions Index is
also considerably lower in mining-dependent countries. Gender equality has
been a focal area of modern governance reforms and anti-corruption policies, and
resource wealth could allow the persistence of cultural norms altering women’s
roles in society. In Columns 9 and 10 (Panel B) I look at gender equality, estimating
the effect of a larger mining share on the proportion of seats held by women


























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































equality index in Column 10. I find that at a given level of income, doubling
the mining share corresponds to almost 50 percent less women in parliament and
a much lower score on the gender equality index. While more mining-oriented
economies appear to have higher levels of institutionalised gender inequality,
estimating my main results (Table 2.2) separately for males and females reveals
no statistically significant gender differences (see Chapter Appendix). Other
measures of institutional quality yield similar results and the direct institutional
“curse” of natural resources appears directly relevant for economic dependence
on mining. Partialling-out institutional effects in my main results (i.e., holding
government effectiveness constant) implies larger general equilibrium effects.
In Panel C of Table 2.4 I turn to conflict and stability. In Column 11, I
estimate my main equation using the number of years since 1970 (i.e., when the
instrument is measured) that a country has been classified as in a state of civil
war in the Uppsala Conflict Data Program / International Peace Research Institute
(UCDP/PRIO) Armed Conflict Dataset as a dependence variable (Centre for the
Study of Civil War, 2009). I find no evidence of any relationship between mining
dependence and conflict, consistent with related studies by Brunnschweiler and
Bulte (2009), Arezki and Gylfason (2013), and Blattman and Bazzi (2014). In
Column 12 I find a weakly significant relationship between mining dependence
and government stability (Kaufman et al, 2013). Columns 13 and 14 find
mining-dependent countries, after controlling for income level and distance from
the equator, tend to be less democratic and more likely to experience a coup d’etat.
This result is reinforced by the final estimate in Column 15, showing that doubling
the mining share of a country corresponds to around a 50 percent increase in the
military expenditure share of the national budget. My results for conflict, coups,
and military expenditure line up firmly behind the idea that resource rents can
be used to “buy” peace and stability (Arezki and Gylfason, 2013; Cotet and Tsui,
2013).
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2.5 Within-country evidence from Indonesia
Looking for similar patterns in different contexts is a useful way to gauge
generality. In this section I present new evidence from a large cross-section of
Indonesian districts in 2009, holding country- and province-specific observable
and unobservable factors constant, and using an estimation strategy analogous
to my international estimates.21 Indonesia’s large mining boom of the 2000s is
coming to an end and its long-term development implications are still not well
understood (Garnaut, 2015; Hill et al., 2008).
Consider the equation:
ln(yd) = αln(Md) + γp + βX
′
d + ud (2.2)
where yd is a health or education outcome in district d in 2009. While my
international estimates look at national educational attainment, sub-national
data allow me to also explore participation and quality using enrolment rates
and test scores. I use net enrolment ratios for each district from the high
quality, district representative socioeconomic survey (SUSENAS) carried out
by Indonesia’s central statistics agency, Badan Pusat Statistik (BPS). I also use
average examination test scores (out of 100) for each district from the Ministry of
Education, reported by each school to the district education office and on-reported
up to the ministry. To my knowledge, there are no reliable district-level child
mortality or life expectancy data.22 Instead I look at (a) the percentage of the
births attended by a skilled health worker and (b) average household health and
education expenditures, both derived from SUSENAS.
21All data used in this section are taken from the Indonesia Database for Policy and Economic
Research (World Bank, 2015), freely available for download and easily replicable.
22Child death is a rare event for the average household. With roughly 40 deaths out of every
1000 births, a very large sample is needed to capture sufficient incidence and variation at the
district level. Existing household surveys are simply not large enough; census data must be used.
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Md is the mining and quarrying share of regional gross domestic product
(RGDP) in district d in 2009 from BPS.23 Consistent with the UN variable used
in my cross-country estimates, mining covers oil, natural gas, coal, and minerals;
quarrying refers to the quarrying of surface rocks, sand, and soil. District-level
mining dependence across Indonesia is presented in Figure 7.
γp is a fixed effect for each of Indonesia’s 33 provinces, capturing
province-specific factors jointly affecting mining dependence and social outcomes
and restricting my comparison to districts within the same province. X ′ includes
log per capita RGDP (combining BPS district RGDP and unpublished population
data) and a categorical variable (i.e., fixed effect) for the assessment given to each
district by the Indonesia Audit Board for their sub-national budgets, to proxy the
quality of local institutions. ud is a heteroskedasticity-consistent error term.
α has a causal interpretation if mining shares are exogenous to the outcomes of
interest conditional on province fixed effects, per capita incomes, and institutions,
i.e., there are no problematic omitted variables correlated with both mining share
and the outcomes of interest within provinces. Such factors cannot be ruled out,
so the following estimates are best interpreted as robust correlations.
Sub-national estimates are presented in Table 2.5. Panel A considers education,
health, and poverty, and Panel B household human capital expenditures. Column
1 of Panel A asks whether, at a given level of income and institutional quality,
children are less likely to participate in school in mining-dependent districts
than in neighbouring districts in the same province. I focus on senior secondary
enrolments because mandatory enrolment policies up to junior secondary remove
variation at the lower levels. Columns 1 and 2 find that a doubling in district
mining share corresponds to a three percent decrease in the net enrolment ratio,
and slightly lower test scores. Both are precisely estimated, statistically significant
23Sub-national accounts are imperfect and likely have some measurement and imputation
error, but Indonesian statistics are comparatively better than many other development countries’
national accounts. See McCulloch and Sjahrir (2008) and McCulloch and Malesky (2011) for more
detailed discussions on Indonesian sub-national accounts.
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at the one percent level.24 Column 3 shows that people in more mining-dependent
districts are much less likely to have births attended by skilled health workers.
A district with twice as much of its output from mining, on average, also has
a poverty rate over five percent higher (Column 4), consistent with Bhattacharya
and Resosudarmo’s (2015) finding that non-mining economic growth significantly
reduces poverty in Indonesia but mining growth does not.
Panel B of Table 2.5 extends the national-level mechanism analysis to look
at average household human capital investment in mining-dependent districts.
Columns 5–8 show that households in mining-dependent districts tend to spend
less on education and health-related expenditures both in level terms and
as a share of total household expenditure, although the estimate for health
expenditure share is only statistically significant at the 10 percent level. Doubling
the mining share is associated with seven percent less household spending on
education and five percent less spending on health. The patterns observed across
countries thus appear more widely applicable and a promising area for more
detailed empirical study at the micro level.
2.6 Concluding remarks
This chapter documents how countries with larger mining sectors tend
to diverge below the Preston curve, with lower levels of general health and
educational attainment than expected for their income level. By instrumenting
the relative size of the mining sector with the natural geological variation in
countries’ historical fossil fuel endowments, I provide evidence suggestive of a
causal relationship. Similar patterns between mining, health, and education are
observed across Indonesian districts. My results provide support for a growing
body of evidence linking mining to poorer average living standards, particularly
24A greater mining share corresponds to poorer test scores across all levels of schooling:
primary, junior secondary, and senior secondary (estimates available on author request).
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vis-a-vis other types of income (Bulte et al., 2005; Daniele, 2011; Gamu et al., 2015).
But a more systematic investigation of causal mechanisms and the conditions
under which mining can be less harmful for health and education is also needed.
Chapter 4 begins down this track, examining how district poverty, average
household expenditure, and different sectors of the local economy respond to coal
mining and natural gas booms in Indonesia. I hope that by highlighting the links
between mining intensity and long-term health and education outcomes at the
international and district levels, I encourage others to focus on these important
aspects of well-being when considering the impacts of mining, particularly in
comparison to other economic development strategies.
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2.7 Chapter 2 Appendix











































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Is plantation agriculture good for the
poor?
Abstract
I examine the poverty impacts of the largest modern plantation sector expansion,
Indonesian oil palm in the 2000s. Combining administrative data on local oil
palm acreage at the district level with survey-based estimates of poverty into
a balanced district panel, I estimate long-differences spanning the expansion.
Causal effects are identified through an instrumental variable strategy exploiting
detailed geo-spatial data on crop-specific agro-climatic suitability. The results
suggest that increasing the oil palm share of land in a district by ten percentage
points leads to around a forty per cent reduction in its poverty rate. Of the
more than 10 million Indonesians lifted from poverty over the 2000s, my most
conservative estimate suggests that at least 1.3 million people have escaped
poverty due to growth in the oil palm sector. Different panel data techniques
are used to assess short-run dynamics. I observe similar effects across different
oil palm producing regions, for industrial and smallholder plantations, and at the
province level. Oil palm expansion tends to be followed by a small but sustained





Palm oil is the world’s most consumed vegetable oil. Crude palm oil is
derived from the reddish pulp of the fruit of the oil palm, a plantation-based,
labour-intensive cash crop originating from Africa (elaeis guineensis) and the
Americas (elaeis oleifera), mostly grown in developing countries today.25 Millions
of people across Asia, South America, and Africa earn income from oil palms,
yielding more oil per hectare than any other crop from relatively little inputs. Oil
palm is one of the most economically attractive uses for land in humid lowland
tropics (Butler et al, 2009) but the palm oil industry is one of the world’s most
socially contested due to deforestation, forest fires, endangered wildlife, displaced
people, and local conflicts.26
In this chapter I ask whether the world’s largest modern plantation-based
agricultural expansion has been pro-poor. I estimate the impacts of the
remarkable expansion in palm oil production in Indonesia on poverty over the
2000s using rich new longitudinal data. Blending administrative information on
local oil palm acreage at the district (kabupaten) level with survey-based estimates
of district poverty, I relate decadal changes in oil palm plantation area to changes
in district poverty over the same period, comparing the poverty elasticity of
oil palm land against alternative uses for land (e.g., rice and forestry). Causal
effects are identified through a novel instrumental variable (IV) strategy exploiting
detailed geo-spatial data on agro-climatic suitability for every field in Indonesia.
By controlling for potential yields of other crops that could share agro-climatic
suitability characteristics with oil palm, I ensure the identifying variation relates
only to oil palm and not other types of agriculture.
25A cash crop is typically an agricultural crop grown to sell rather than consume, usually to
global export markets (c.f., locally consumed food and subsistence crops).
26See Corley and Tinker (2003) for history and physiology, and Rival and Levang (2014) and
Sayer et al (2012) for physiology and recent developments in Asia. Dennis et al (2005), Koh and
Wilcove (2007, 2008), Busch et al (2015), and Miriam et al (2015) discuss environmental impacts,
and Barr and Sayer (2012), McCarthy et al (2011), Rist et al (2010), Cramb (2013), Gellert (2015),
and Cramb and McCarthy (2016) discuss local social impacts.
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The key finding is that districts with larger oil palm expansion have achieved
more poverty reduction than otherwise similar districts without oil palm
expansion. The magnitude of the estimated poverty reduction from increasing
the district share of oil palm land by ten percentage points from my preferred IV
estimator is around 40% of the poverty rate. A simple policy simulation based
on my most conservative estimate suggests that at least 1.3 million out of the
approximately 10 million people lifted from poverty over the 2000s have escaped
poverty due to growth in the oil palm sector. Poverty gaps significantly narrow,
suggesting not only those near the poverty line are being lifted up. I assess
short-term effects and dynamics using standard panel estimators with distributed
lags: dynamic effects reflect the oil palm life cycle. I find no evidence of any major
effect heterogeneity when I disaggregate by large plantations and smallholders,
despite the starkly different characteristics of the two sectors. Similar effects
are also observed across Indonesia’s major palm oil producing regions and at
the province level. I find some evidence of spillovers to other local economic
activities, with oil palm expansion usually followed by a small but sustained boost
to agriculture, manufacturing, and total district output.
The key contribution of this chapter is to provide new causal evidence on
impacts of growth in Indonesia’s palm oil sector on poverty. In providing these
estimates, I shed new light on the poverty elasticity of plantation-based cash
crop production. The role of the agricultural sector in economic development
and poverty reduction has been widely studied (Dercon (2009) and Dercon and
Gollin (2014) provide reviews), but little attention has been paid to plantation
agriculture or cash crops despite their ubiquity in developing countries (Barbier,
1989; Maxwell and Fernando, 1989; Pryor, 1982; Tiffen and Mortimore, 1990).
Agricultural growth tends to be pro-poor (Ravallion and Chen, 2003; Kraay,
2006; Ravallion and Chen, 2007; Christiaensen et al, 2012), but large-scale
agricultural development remains contested and plantation-based cash crops
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have starkly different characteristics to other forms of agriculture (Quizon and
Binswanger, 1986; Anriquez and Lopez, 2007; Maertens and Swinnen, 2009;
Hayami, 2010). Unlike food crops and subsistence agriculture, plantation-based
cash crops seldom feed those employed in modern sectors (c.f., Lewis, 1954;
Schultz, 1964) and the potential for agricultural demand-led industrialisation
is ambiguous (c.f., Johnston and Mellor, 1961; Ranis and Fei, 1961; Adelman,
1984). On one hand, consumption linkages may be greater than other agriculture,
due to higher yields and profits. On the other hand, low technology, skill,
and processing requirements for most cash crops imply limited production
linkages. Plantation-based cash crops, however, are unique in this regard. The
plantation system arises due to the need for closer coordination between farm
production and large-scale processing due to the need to process some crops
shortly after harvest. Examples include black tea, sisal, and palm oil, which
must be milled within 24 hours of harvest (c.f., green tea, cocoa, coconuts, and
copra do not require much further processing or marketing, so are suitable
to independent smallholders and family farms). So although several key
mechanisms responsible for past agriculture-led poverty reduction and the “green
revolution”—agricultural technology growth, initial agricultural infrastructure,
and human capital conditions (Ravallion and Datt, 2002; Gollin et al, 2002)—are
generally less applicable for cash crops, this may not be the case for the plantation
system due to its infrastructure requirements (Gollin (2010) provides a useful
review of the theory and evidence linking agricultural production to poverty
reduction). To my knowledge, this is the first nationwide study of the link between
plantation-based cash crops and poverty.
§3.2 Indonesia’s oil palm expansion 72
I provide new evidence against a particularly salient policy debate on palm
oil across the developing world. While the environmental costs of oil palm
have been widely documented, whether Indonesia’s dramatic shift in land use
towards oil palm has brought benefits to the poorest is the subject of much
speculation but yet no systematic quantitative inquiry (McCarthy et al, 2011; Rist
et al, 2010; Cramb and Sujang, 2013; Cahyadi and Waibel, 2013; Budidarsono et
al, 2012). Existing qualitative narratives and geographically-narrow case studies
provide a rich source of descriptive evidence but little basis for causal inference,
as they tend to have weak and narrow internal validity. Although I focus
on Indonesia, findings are informative for other developing countries looking
towards plantation agriculture for poverty reduction. An additional contribution
is my use of a novel IV approach to study causal effects of agricultural sector
growth.
The chapter proceeds as follows. The next section provides a brief background
on Indonesia’s recent oil palm expansion and possible links to poverty. Section
3.3 explains the data and Section 3.4 my empirical approach. Section 3.5 presents
the main results. Section 3.6 estimates short-run effects using annual panel data.
Section 3.7 considers alternative explanations for the main results. Section 3.8
explores effect heterogeneity and spillovers to other sectors. Section 3.9 concludes.
3.2 Indonesia’s oil palm expansion
The world’s largest plantation-based agricultural expansion is taking place
in Indonesia. The third most populous developing country after China and
India, Indonesia supplied more than 40 per cent of the 60.54 million metric
tons of palm oil produced in 2014–15. Global palm oil production has doubled
every decade since the 1960s, surpassing soy bean oil in 2007 to become the
dominant vegetable oil (US Department of Agriculture, 2015). With a comparative
advantage in unskilled labour-intensive goods and proximity to India and China
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(the largest purchasers), Indonesia was well-placed to capitalise on the growing
demand. Palm oil has been Indonesia’s largest agricultural export for the last two
decades, with its rapid increase in production coming almost exclusively through
land area expansion (92 per cent) rather than intensification and higher yields
(Gaskell, 2015). From 2001–2009 (my study period) oil palm land increased from
around five million hectares to just under 17 million hectares, or 8.7 per cent of
Indonesia.27 Oil palm expansion has had large opportunity costs, particularly in
terms of the environment (Busch et al, 2015; Carlson et al, 2013; Fargione et al,
2008; Gibbs et al, 2010; Hunt, 2010; Koh et al, 2011; Rival and Levang, 2014; and
Wheeler et al, 2013). Land use is the central policy issue but there is a paucity of
credible evidence on the welfare impacts of changing land use patterns.
Three decades of economic growth and structural change since the 1970s saw
broad-based benefits and poverty reduction across Indonesia (Hill, 1996). Rural
poverty reduction appears to have been mostly driven by agricultural growth,
including through the Green Revolution (Suryahadi et al, 2009; de Silva and
Sumarto, 2014; Rada et al, 2011).28 Since the Asian Financial Crisis and the fall
of Suharto in 1997, economic growth and poverty reduction have both slowed
(Pepinski and Wihardja, 2011). Rapid structural change and a steadily rising
manufacturing share of gross domestic product (GDP) slowed to a halt with
the contemporaneous mining and palm oil booms of the 2000s. The poverty
headcount has continued to fall, but it is unclear how much progress can be
attributed to oil palm. Almost 100 million Indonesians still lived below or near
the poverty line in 2014, of which 28 million, or 11.4% of the population, lived
below the poverty line.29
27Gatto et al (2015) discuss the links between the oil palm boom and land-use dynamics.
28See Booth (1988), Fuglie (2010), and Rada et al (2011) for overviews of Indonesian agricultural
development in this period.
29Hill, 2014; Manning (2010), Miranti (2010), Suryahadi et al (2003), Manning and Sumarto
(2011), and Wetterberg et al (1999) provide comprehensive accounts of the evolution and
determinants of poverty in Indonesia.
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3.2.1 Linking oil palms to poverty
The poverty elasticity of economic growth in different sectors depends on
sectors’ relative importance to the economy and poor people (Loayza and
Raddatz, 2010). Economic expansion in the oil palm sector is thus likely to be
pro-poor if poor people (a) are employed, (b) have access to land to become
smallholders, or (c) benefit from related economic development.
Labour intensity shapes the poverty elasticity of sectoral growth in most
countries and any poverty benefits from oil palm expansion could be a purely
labour income story for new smallholders or people working on plantations
(Thorbecke and Jung, 1996). Oil palm is a labour-intensive cash crop requiring
little skill or capital to grow and harvest. Farmers and plantation workers typically
earn more than other low skilled workers, with returns to labour estimated to
be 2–7 times the average agricultural wage (Budidarsono et al, 2012). Large
plantations employ roughly two people for every five hectares. In 2010, 1.7
million Indonesians worked on oil palm plantations (Burke and Resosudarmo,
2012). However almost half of Indonesia’s reported oil palm plantation area is
managed by smallholders, usually with 1–2 hectares each, generating significantly
more jobs per hectare. Smallholder plantation area has grown much faster than
company and state-owned plantation area since 2000 (McCarthy et al, 2011; Gatto
et al, 2015), accounting for a larger share of the oil palm-related labour market.
Smallholders tend to report improved yields, profits, nutrition, and incomes after
entering the sector (Budidarsono et al, 2012). While those living below the poverty
line are more likely to be landless and unable to legally become smallholders, they
often work on large industrial plantations. Existing studies typically argue oil
palm expansions bring little benefits to local communities (Obidzinski et al, 2014),
but palm oil is unique compared many other cash crops, combining high returns
to labour with the need for initial infrastructural outlays and processing facilities
(capital needed to actually grow oil palm and sell fresh fruit bunches is minimal
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though). New roads and electrification needed to run palm oil plantations and
mills could alleviate some constraints to rural development. The question of
whether Indonesia’s large oil palm expansion has been good for the poor is
ultimately an empirical one.
3.3 Data
3.3.1 Oil palm
My main explanatory variable is official district oil palm acreage, measured
in hectares and taken from the Tree Crop Statistics of Indonesia for Oil Palm.
Produced by the Department of Agriculture annually since 1996, data cover land
of varying condition (damaged, immature, and mature plantation) and ownership
(private, state, and smallholder).30 While data on official oil palm land are likely
imperfect, focusing on plantation land declared by the Indonesian Government
has greatest tractability.31 I convert oil palm land area to a share of total district
area to focus on changing compositions: comparing oil palm land to other land
uses. As oil palm expansion has been predominantly in rural districts, the
comparison tends to be against other types of agriculture and rural livelihoods
(e.g., rice, rubber, coffee, and forestry). Oil palm land as a share of total district in
2009 is shown in Figure 3.1. Districts across Sumatra and Kalimantan use a greater
share of land for oil palm than those in Sulawesi, Java, and eastern Indonesia.
30Districts with no oil palm land are missing values in the original data, so I recode them as
zeros to retain the baseline and control districts. Before recoding as zeros, I cross-checked data
against other sources for official plantation figures and gained strong anecdotal evidence from
public officials that data are more or less nationally exhaustive. There are no large jumps from the
imputed zero values. All increase gradually. Similar results are obtained if I drop all districts with
no oil palm, focusing only on changes in districts with oil palm land. Unless otherwise stated,
subnational data are taken from the World Bank (2015).
31Alternative satellite data are ill-suited for this study, as they cannot distinguish between
mature oil palm plantations and natural or other forests. For the parts of Indonesia where satellite
data on plantation areas have been field-verified, strong anecdotal evidence from NGOs currently
assessing these issues suggests small unofficial, informal, and illegal oil palm developments tend































My primary outcome variable is the district poverty rate from 2002 to 2010,
taken from Indonesia’s central statistics agency, Badan Pusat Statistik (BPS). The
poverty rate is a key social policy target for Indonesian governments, defined
as the share of total district population living below an expenditure-based
poverty line that varies by district and period, linked by a universal
consumption requirement (mostly caloric). Poverty figures are derived from
the consumption module of BPS’s district-representative national socio-economic
survey (SUSENAS), implemented at least annually and covering almost two
million people across all provinces in 2010. SUSENAS is agnostic to whether
consumption goods are purchased in formal or informal markets and a consistent
method has been used to calculate poverty rates for the period under study (i.e.,
the method changed in 1998 and 2011). The distribution of household expenditure
can be steep around the poverty line, so I also estimate impacts on the depth
of poverty measured by the poverty gap index: the average gap between the
expenditure of poor people and the poverty line. This allows me to assess whether
only people near the poverty line are affected or those further below, although the
depth of poverty is interesting in its own right. District poverty rates in 2010 are
presented in Figure 3.2. Most of the poor live in Java and poverty rates are highest























Indonesian districts (kabupaten) are clearly defined legal and geographical
units with district-level administrations reflecting local economies. A district
panel provides temporal and spatial variation suitable to identifying aggregate
district-level impacts (Sparrow et al, 2015). Indonesia underwent one of the
world’s largest reconfigurations of a modern state with the fall of President
Suharto in 1997, democratising and decentralising power to around 300 district
governments. New political and fiscal powers drove the number of districts
to proliferate from 292 in 1998 to 514 in 2014, a process known as pemekaran.
Pierskalla (forthcoming) and Fitriani, Hofman, and Kaiser (2005) provide detailed
accounts of pemekaran, highlighting how district splits followed sub-district
(kecamatan) boundaries and did not affect neighbouring districts’ borders. I
combine the SUSENAS-derived estimates of district poverty with the official
district oil palm statistics and apply year-2001 district boundaries to obtain a
nationally-exhaustive balanced panel of 341 constant geographic units.32
32In most Indonesian data, districts retain the original names and codes after splitting and
reducing in size. Care is needed to avoid applying district fixed effects to such units. In
international data, this equates to letting the USSR series continue without its former members
instead of creating a new series for Russia. Alternative district definitions yield similar results,
but constant land area units allow an uninterrupted panel dataset better suited to my research
question. Panel summary statistics are provided in the Chapter Appendix.
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3.4 Empirical approach
I relate changes in shares of district area used for oil palms to poverty with the
long-difference equation:
ln(yd,2010)− ln(yd,2002) = β(Pd,2009 − Pd,2001) + δi + γXd,2000 + εd (3.1)
where ln(yd,2010) − ln(yd,2002) denotes the change in the log poverty rate from
2002–2010 in district d. Differenced log dependent variables are used to better
compare relative changes in poverty prevalence between districts with high and
low poverty rates.33 Pd,2009 − Pd,2001 is the 2001–2009 change in the share of
district area used for oil palm plantations, lagged by one year because poverty is
measured in the middle of the year and oil palm at the end. Palm oil land shares
are not logged to retain zero values. Differencing removes any time-invariant level
sources of bias jointly affecting land use and poverty (e.g., geography, climate,
history, institutions, and culture). β is the effect of an additional percentage
point of oil palm land as a share of total district land on the district poverty
rate (i.e., a semi-elasticity). δi are island fixed effects, capturing region-specific
factors and allowing different regional trends (e.g., due to different patterns
of economic development or large regional infrastructure investments). Island
groups are defined as Java, Sumatra, Kalimantan, and Sulawesi, with remaining
eastern islands grouped together. γXd,2000 includes initial log poverty and per
capita output, capturing convergence across regions with higher poverty rates and
allowing variable trends by initial conditions.34 Standard errors are adjusted for
33The logged dependent variable ensures districts with relatively low levels of poverty making
similar proportional gains to districts with higher relative levels of poverty are accounted
for similarly. Results are similar using linear-linear functional form (see Chapter Appendix),
suggesting districts with relatively low levels of poverty are not driving my results.
34The presence of a lagged dependent variable in a short panel could bias coefficients on
the convergence term upwards and oil palm land towards zero (Barro, 2015). Estimating a
cross-section of long differences appears to minimise Hurwicz-Nickell bias, as results are similar
(a) without the lagged dependent variable, and (b) with the dependent variable and without island
fixed effects (available on request).
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heteroskedasticity.
I opt for long differences because any poverty impacts arising from additional
oil palm land are not likely to be fully realised immediately. Plantation
companies must establish the necessary infrastructure, hire workers, prepare
land, plant oil palms, then harvest the first fruit at least two years later. Likewise
smallholder farmers need time to switch livelihood, prepare land, and plant oil
palms, although smallholders commonly intercrop and adopt mixed livelihood
strategies. It takes five to seven years for oil palm to reach a productive state and
the price paid for a fresh fruit bunch increases with tree maturity.35
A causal interpretation of β̂ relies on an assumption of parallel trends, common
to all difference-in-difference-type approaches. Consistent estimates are obtained
if no time-varying omitted variables systematically shift poverty trends within
island groups after allowing for differential trends by initial income and poverty
levels. While oil palm expansion is governed by administrative processes subject
to a high degree of randomness (discussed further in Section 4.6), unobservable
heterogeneity is impossible to rule out in non-randomised observational studies,
so I turn to IV estimation to identify causal effects.
3.4.1 Instrumental variable strategy
My main source of identifying variation is a rich geo-spatial dataset on
agricultural productivity: the Food and Agriculture Organisation’s (FAO)
Global Agro-Ecological Zones (GAEZ) data. I instrument the change in the
share of district area used for oil palm from 2001–2009 with average district
agro-climatically attainable oil palm yield. Exploiting the variation in oil palm
expansion arising from crop-specific agro-climatic suitability isolates the effect of
developing oil palm on areas where it is makes the most sense to develop it.
35Prices are set weekly and published in local newspapers, such that per hectare income likely
increases with time. Differencing and allowing differential regional trends is likely sufficient to
capture any systematic differences across local markets.
§3.4 Empirical approach 82
Figure 3.3: Attainable Palm Oil Yield Across Indonesia
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The GAEZ dataset uses state-of-the-art agronomic models and high-resolution
data on geographic characteristics and climatic conditions to predict attainable
yields for 1.7 million grid cells covering the Earth’s surface. Estimates are available
for different crops on every piece of land regardless of whether the land is
cultivated or growing the crop, informing farmers and policy makers on how
productive they would be at crops they are not currently growing. Key inputs
to the model are exogenous variables known for every grid cell: soil types and
conditions, elevation, land gradient, rainfall, temperature, humidity, wind speed,
and sun exposure. Inputs feed into agronomic models predicting how inputs
affect the micro-foundations of each crop’s growth processes, explaining how a
given set of growing conditions map to potential yields at each grid cell.36 GAEZ
provide different sets of productivity predictions for different input scenarios.
I opt for the median options: medium man-made inputs and rain-fed water
supply.37
Pixel-level data for attainable palm oil yield across every field in Indonesia is
presented in Figure 3.3. Each major region has some districts suitable for palm oil
production with only rainfall irrigation and a medium level of inputs, particularly
in the low-lying tropical parts of Sumatra, Kalimantan, and eastern Indonesia best
suited to tropical oil seed crops (i.e., around the equator). I mapped the gridded
data on attainable yield of each of Indonesia’s main agricultural commodities
to Indonesia’s district boundaries using geographical information systems (GIS)
then calculated district’s mean. The granularity of the data and the continuous
nature of this variable gives a rich source of variation: a different value for every
potential palm oil producing district.
36Time-varying variables (i.e., humidity, temperature, rainfall, windspeed) are measured at a
high frequency and their levels and variation over time are used in the models. Predictions for
yields at the end of the 20th century and beyond are based on a large number of past realisations
of these variables over the 20th century.
37Rain-fed irrigation minimises measurement error from historical changes in irrigation
intensity and technologies (Nunn and Qian (2011). Alternative input assumptions give a similar
spatial distribution, so do not affect my results. See Fischer et al (2002), Nunn and Qian (2011),
and Costinot et al (2016) for further details on FAO GAEZ data.
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Instrument relevance and strength
Oil palms only grow under certain agro-climatic conditions—humid low-land
tropics—and potential yields and profits in each district affect the likelihood
that district will have oil palms planted. The IV is thus theoretically relevant.
First-stage coefficients on potential palm oil yield are positive and statistically
significant at the 0.1 per cent level (presented with main results). As a weak
IV problem can be present even with highly significant first-stage coefficients
(Bound et al, 1995), I report the Kleibergen and Paap (2006) rk Wald F statistic
(the heteroskedasticity-robust analogue of the Cragg and Donald (1993) test
statistic) against the relevant Stock and Yogo (2005) critical values and use the
Fuller (1977) median-unbiased limited information maximum likelihood (LIML)
estimator for all IV estimates.38 Additional confidence intervals and hypothesis
tests are provided using Moreira’s (2003) conditional likelihood ratio (CLR)
procedures, which significantly outperform the traditional Anderson and Rubin
(1949) weak-instrument-robust-inference tests (Andrews, Moreira, and Stock,
2004, 2006).
Exogeneity and exclusion
A causal interpretation is only obtained if average attainable district palm
oil yields do not affect changes in poverty through any channel other than oil
palm expansion. GAEZ potential yield predictions do not involve estimating any
sort of statistical relationship between observed inputs, outputs and agro-climatic
conditions, so are exogenously determined with respect to district economic
and poverty conditions. The two theoretically endogenous factors shaping
GAEZ data—irrigation and man-made inputs—are set equal for all districts, so
uncorrelated with poverty trends across districts.
38I prefer the Fuller estimator over the standard two-stage least squares (2SLS) IV estimator
because (a) a few IV estimates have scope for a weak IV problem and LIML point estimates are
more reliable for inference under weak IV (Murray, 2006), and (b) I prefer to use the same estimator
throughout. 2SLS gives similar results (available on request).
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The main concern is that a key input to the oil palm GAEZ productivity model
could affect productivity of similar tropical crops and therefore welfare through
agricultural productivity in other sectors. This is a common challenge with
external instruments, particularly those relating to weather and climate (Bazzi
and Clemens, 2013; Sarsons, 2015). Using a crop-specific instrument reduces this
threat, but I can go a step further. GAEZ attainable yield data are available for
most of Indonesia’s major agricultural crops. By controlling for other key crops’
potential yields, I further restrict the identifying variation to that relating only to
oil palms and not shared suitability characteristics with other crops (i.e., tropical,
humid, non-mountainous, lowlands with sufficient rainfall that are less suitable
for other tropical cash crops that could likely be grown in similar areas to oil palm).
Second-stage coefficient stability to the inclusion of attainable yields for all rice
types, tea, coffee, cocoa, and cassava, suggest the exclusion restriction is likely
satisfied.
3.5 Main results
My main result is presented in Figure 3.4 and Table 3.1. Districts that converted
more of their land to oil palm plantations in the 2000s have achieved more rapid
poverty reduction than districts of similar initial poverty levels and per capita
incomes in the same region. Oil palm is on average a better rural land use than
alternatives for poverty alleviation.39
39More precisely, my specification using the oil palm share of district area compares the effect
of using additional oil palm land relative to the average of all other possible uses for land.
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Least squares Oil palm yield IV
Oil palm yield IV + rice Oil palm yield IV + cash crops
Oil palm yield IV + all crops Oil palm suitability index IV
Column 1 of Table 3.1 presents Equation 1 estimated with least squares. A
district that experienced a ten percentage point increase in the share of land
used for oil palm over the 2000s, at the mean (e.g., from 10 to 20 per cent of
district area), has a poverty rate 12 per cent lower than otherwise similar districts
in 2010. Columns 2–5 of Table 3.1 present the IV estimates, dropping island
dummies for stronger identification. Positive first-stage coefficients confirm oil
palm expansion has been most pronounced where most productive. Column 2
shows that a ten percentage point increase in district oil palm land share over the
2000s corresponds to over a thirty per cent greater reduction in the poverty rate.
That the estimate in Column 2 is almost three times the magnitude of least squares
is not surprising, as oil palm is likely to have more pronounced effects where more
productive.40 The CLR confidence interval reported under the main coefficient
40While oil palm in less suitable areas—notably in a few poorer mountainous areas—such
growers (i.e., “non-compliers”) account for a minuscule component of total oil palm area and
production.
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does not overlap with zero, rejecting the null hypothesis that the coefficient equals
zero with 97% confidence.
In Column 3 of Table 3.1 I control for the attainable yield of two of Indonesia’s
most important non-cash crop agricultural commodities: rice (wet- and dry-land)
and cassava. The first-stage coefficient in Column 3 is virtually the same and
the second-stage coefficient slightly larger; this is expected, as rice is typically
produced in slightly different regions with different agro-climatic conditions
and so should not share much of the identifying variation with oil palms (e.g.,
compare Java to Kalimantan, or the rice-growing deltas of south-east Asia to
neighbouring tropical islands growing cash crops. See Hayami (2010) for further
discussion). In Column 4 I separately include average district-specific attainable
yields for three of Indonesia’s key tropical cash crops: cocoa, coffee, and tea.41
The first-stage coefficient increases to 0.89 and the excluded-F statistic to 20.25,
exceeding the Stock-Yogo critical value of 19.36 for ten per cent maximum Fuller
bias. The second-stage coefficient restricting the identifying variation to suitability
to oil palms but none of Indonesia’s other major cash crops (i.e., controlling
for agro-climatic suitability for cocoa, coffee, and tea) is 0.046, suggesting an
additional ten percentage point increase in oil palm land share where it is most
suitable can almost halve the poverty rate. The CLR test rejects the null that
the coefficient equals zero with almost 100% confidence. In Column 5, I include
potential yield for all six additional crops as controls. Identification is significantly
weaker, with an excluded-F statistic of 9.08, and the estimated coefficient on oil
palm expansion much larger at 0.078. The CLR test however still rejects the
null hypothesis that the coefficient is equal to zero at the ten per cent level.
Instrumenting oil palm expansion with GAEZ’s oil palm suitability index instead
of potential yield gives a similar result in Column 6. Figure 3.4 illustrates how
similar confidence intervals (at the 95% level) emerge from these alternative IV
specifications, most overlapping those from least squares.
41To my knowledge, agro-climatic suitability data for rubber is unavailable.




























































































































































































































































































































































































































































































































































































































































































































































































































































§3.5 Main results 90
The reduction in the poverty rate observed in Table 3.1 could be due to
people near the poverty line being lifted just above, with little effect on those
further down the income distribution. In this case, the poverty rate would fall
but the gap between the average poor person and the poverty line (i.e., poverty
depth) increase. I estimate impacts on poverty depth in Table 3.2. Results are
similar to Table 3.1. Oil palm expansion corresponds to reductions in poverty
depth. Decreases in the rate and depth of poverty confirm benefits from oil palm
expansion tend to reach the average person living below the poverty line.
Table 3.3 explores the robustness of the main long-difference estimate to
controlling for economic growth and changes in the natural environment,
partialling out effects through these two channels. In Column 1 of Table 3.3 I
control for the decadal change in log per capita output. The coefficient on RGDP
growth is statistically insignificant, and the coefficient on oil palm land share is
unchanged, implying palm oil production has been a particularly pro-poor (i.e.,
redistributive) economic activity.
Like many equatorial developing countries, Indonesia was mostly tropical
forest half a century ago and oil palms are planted on areas once primary
forest. The forestry landscape can often change alongside oil palm expansion.
Such changes could bias estimates through potential omitted variables.42 In
Column 2 I control for the initial level and 2000–2010 change in tree cover using
pixel-level Moderate Resolution Imaging Spectroradiometer (MODIS) satellite
imagery data.43 Results are similar to Column 1 of Table 3.1 and the coefficients
on tree cover variables statistically insignificant, suggesting conversion of primary
forest into more “economically productive” use is not driving my result (i.e.,
42For example, income from forestry and logging taking place in the same districts as oil
palm expansion could bias my estimates downwards, and social harms like conflict and malaria
associated with deforestation could bias estimates upwards. Note that if such factors arise due to
oil palm expansion, this is included in the net effect in my main estimates.
43Data are taken from Wheeler et al (2013). While MODIS data cannot disentangle primary
forest from plantations (i.e., it is distinctly not a measure of deforestation in the Indonesian
context), it is still a useful proxy for observed changes in forest and the natural environment.
Burgess et al (2012) and Wheeler et al (2013) discuss the MODIS data in detail.











































































































































































































































































































































































































































































































































§3.6 Short-run and dynamic impacts 92
similar poverty impacts from oil palm land expansion are observed holding tree
cover constant). Finally, as long-differences can sometimes be sensitive to start
and finish year, I use alternative start and finish years in Columns 3 and 4 of Table
3.3. Results are similar.44
3.6 Short-run and dynamic impacts
I have focused on the total changes in oil palm plantation land and poverty
over the 2000s. But the relationship between growth in the palm oil sector and
poverty could vary over the crop’s life cycle. In this section I use alternative panel
estimators to examine short-run impacts.
My preferred panel estimator takes the form:
ln(yd,t) = βPd,t−1 + δd + τi,t + γXd,t−1 + εd,t (3.2)
yd,t denotes poverty in district d at time t. Pd,t−1 is the oil palm land percentage
of total district area, with additional lags in some estimates.45 β is the effect of
an additional percentage point of oil palm land on poverty. δd are district fixed
effects, removing time-invariant district-specific sources of confoundedness. τi,t
are island–year fixed effects capturing time-varying shocks common to each island
group (e.g., economic growth and business cycles, international commodity
prices for an island’s commodities, political shocks, regional infrastructure
investments, and other major policy changes).46 Island-year fixed effects focus my
44Following the common heuristic that coefficient stability to additional controls can be
informative about omitted variable bias (Oster, 2015; Bellows and Miguel, 2009; Altonji et al, 2005),
the estimated parameter of interest is also similar if I include electricity-related variables proxying
economic capacity (Sparrow et al, 2015), fiscal and political variables, and the battery of other
correlates of poverty available in the Indonesia Database for Policy and Economic Research (World
Bank, 2015). Such additional estimates are available on author request. Further robustness checks
are provided in the Chapter Appendix, including using district per capita palm oil production in
tons instead of the district share of oil palm land, splitting the sample period, and omitting the
island of Java.
45Estimates including lead values of palm oil land, as in-time placebo tests, are included in the
Chapter Appendix.
46Social policy in Indonesia is strongly targeted towards the poor, but its spatial is relatively
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comparison to districts within the same island group, relaxing the parallel trends
assumption to more flexible regional trends. γXd,t−1 is a vector of potential time-
and district-varying controls. Standard errors are adjusted for heteroskedasticity
and clustered by district to allow arbitrary correlation within districts over time.47
β̂ in Equation Two has a causal interpretation if there are no time and district
varying omitted variables correlated with yd,t and Pd,t−1 influential enough to
systematically shift poverty trends within island groups. Assuming changes
in official oil palm land are exogenous to changes in district poverty outcomes
conditional on district and island-by-year fixed effects is reasonable for two
reasons. Firstly, Equation Two focuses on the poverty response from the timing
of district oil palm expansions, so the critical issue is what determines the timing.
Oil palm land declared by the Department of Agriculture reflects plantation sector
land use decisions made through the large, decentralised bureaucracy: each step
in this process is influenced by idiosyncratic factors resulting highly unpredictable
delays.48 The second reason is that island-year fixed effects appear to eliminate
selection bias into oil palm in the short run: a wide range of time-varying
correlates of poverty do not explain changes in oil palm land when included in
the same panel regression model as island-year fixed effects, consistent with the
short-term changes in oil palm land—the timing—being subject to some degree
of randomness.49
unchanged from 2001–2010 and mostly captured by district fixed effects. New social programs
were mostly implemented nationally (e.g., the Raskin rice subsidy, PNPM, unconditional cash
transfers, and scholarships) so captured by island–year fixed effects, or piloted in a few villages
before national roll-out.
47Bertrand et al (2004) discuss problems arising in panel estimates when serial correlation
is unaddressed. I consider larger cluster robust errors a more conservative basis for inference
and hypothesis testing, with weaker assumptions and better finite sample properties than more
efficient counterparts.
48Indonesian land use regulations are complicated. The Regional Autonomy Laws 1999 saw
district forest departments become answerable to bupatis (district heads) instead of the central
government. Bupatis apply to the central government for approval to convert land into oil palm
plantations, a process involving identifying areas for plantations, attracting investors, gaining
district parliament approval, making a formal request to the central government, central agencies
working through the request, the district receiving approval, and land being converted. Burgess
et al (2012) similarly highlight how administrative lags from central to district governments render
district splits exogenous to province and district outcomes.
49Estimates provided in the Chapter Appendix show how many poverty correlates are








































































































































































































































































































































































































































































































































































































































































































































































































































§3.6 Short-run and dynamic impacts 95
I estimate Equation Two with first-differences, mean-deviations (i.e., within
estimation), distributed lags, and IV. Column 1 of Table 3.4 presents the annual
first-difference. Assuming an effect within the same year, a ten percentage point
increase in the district share of land used for oil palm in one year corresponds to
a three per cent reduction in the poverty rate the next year, statistically significant
at the five per cent level. Assuming the land data is accurate and timely in its
reporting, such immediate effects must come through channels other than the
production and sale of the crop (e.g., payments to communities or waged labour
to establish plantations). In Column 2 I include the first three lags of the annual
first-difference. The second and third lags have much larger coefficients, reflecting
the oil palm life cycle. The sum of the coefficients on oil palm land is 0.022,
between long-difference estimates obtained from least squares and IV. As the
evolution of oil palm land has been gradual, in Column 3 I take first differences
and include district-fixed effects to extract the “shock” component of the changes
in oil palm land (Ciccone, 2011). Coefficients are similar.
In Columns 4–7 of Table 3.4 I adopt the mean-differenced “within” estimator.
Unlike the first-differences in Columns 1–3, coefficients reflect the effect of
variation over time within each district (c.f., at a particular point in time across
districts). As within estimation also picks up level effects, this is a more
appropriate flexible estimator than first-differences (i.e., due to the lags in the
palm oil production process). Column 4 of Table 3.4 presents my preferred within
panel estimate. A ten percentage point increase in the share of land used for oil
palm at the mean corresponds to a seven per cent reduction in the poverty rate
in the short-run. Column 5 includes lags, summing exactly to the least squares
long-difference in Column 1 of Table 3.1. Columns 6 and 7 include island- and
province-specific time trends. Results are almost identical with these rich control
vectors.
statistically significant determinants of changes oil palm land in pooled least squares and within
estimators with district and year fixed effects (Columns 1 and 2), but including island-year fixed
effects in Columns 3 renders them all statistically insignificant.
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The final column of Table 3.4 presents a panel fixed effects IV estimate,
exploiting demonstration effects arising from early adoption. I instrument the
level shares of oil palm land with a district-specific linear trend increasing in
districts’ initial oil palm land, as initial conditions matter for future growth
trajectories. Oil palms historically expanded more in areas where plantations
were already established due to better access to pre-existing knowledge networks,
materials, processing facilities, and other necessary infrastructure. Column 8 of
Table 3.4 shows that a ten percentage point increase in the share of district land
used for oil palm at the mean—exclusively due to that district’s steeper oil palm
land expansion trajectory because of existing oil palm activity—corresponds to
an almost 40 per cent reduction in the poverty rate. The larger IV estimates
suggest early adopters on average achieved more rapid poverty reduction, with
a magnitude similar to my long-difference IV estimates.50
Table 3.5 presents the same set of estimates for poverty depth. The main
coefficient is negative, of similar magnitude, and statistically significant across
all estimates. Panel estimates in Section 4.6 withstand in-time placebo tests and
the inclusion of a wide range of time-varying covariates (see Chapter Appendix).
3.7 A migration story?
District poverty rates can fall either due to real consumption growth for
the poor, or through changes in population. Population changes that would
contaminate my interpretation include inward migration of non-poor people
and outward migration of poor people. Both would also alter poverty rates
in my comparison pool if migration is to and from districts without oil palm
expansion. Critics of the palm oil sector highlight a story of displacement, where
“land-grabbing” drives forest-dwellers, indigenous people, and poor farmers off
50This local average partial effect is quite widely applicable, with 71 of the 341 districts across
four of the five island groups using some share of their land for oil palm plantations in 2000.




































































































































































































































































































































































































































































































































































































































































































































































































































§3.7 A migration story? 98
their previously occupied land (Gellert, 2015; Cramb and McCarthy, 2016). I do
not dispute the existence of such cases and have heard them first hand. But could
population movements–by choice or by force–explain the reductions in district
poverty rates documented in this Chapter?
Understanding the scale and scope of local migration in Indonesia is difficult,
as reliable internal migration data are collected only in the decadal population
census with questions only on inter-province movements and no information
on income level.51 I investigate the plausibility of a migration-based alternative
explanation in three main steps. I first identify the quantum of migration needed
to explain my main estimates in the context of official internal migration statistics
and relevant contextual information gathered from two field visits. I then pursue
province-level estimates, less exposed to the issue of migration given the larger
size of provinces vis-a-vis districts. I finally estimate district-level impacts of oil
palm expansion on population change and on the number of poor people in a
district (c.f., the poverty rate).
The 2010 Indonesian Population Census reported 2.5 per cent of the population
living in a different province to where they lived at the time of the previous census.
In resource-rich provinces, the rate can be higher (around 6 per cent in Riau and
East Kalimantan) or closer to the national average, even below (4 and 1.8 per
cent in Jambi and South Sumatra). The highest rate is in West Papua, the least
densely populated province, but still under 8 per cent. It is important to note
that magnitude of migration flows in the average oil palm district would have
to be around four times the national average rate of recent migrants to explain
my long-difference estimate (i.e., 10 per cent), a further four times that to explain
my preferred IV estimate, and predominately involve poor people leaving or
non-poor people coming. Contrast this to the tendencies of lower-income people
to move to booming regions seeking economic opportunities, and of wealthy
51SUSENAS and the labour market surveys SAKERNAS do not include information on
migration. The Indonesian Family Life Surveys are not district-representative. Meng et al (2010)
study recent internal migration patterns in Indonesia.
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beneficiaries of natural resource sectors to be based in capital cities.
Two other contextual issues bear a mention. First, the popular displacement
narrative relates to agro-industrial frontier expansion, but smallholders manage
around half of Indonesia’s planted oil palm area. The increase in planted oil palm
area over the period of this study was mostly from smallholders, thus accounting
for most of the identifying variation. Independent smallholders tend to be local
people without much government or company support, to be less aﬄuent, but
also to be far more hesitant to move. Plasma scheme smallholders mostly moved
in during the transmigration program, which ceased in 2000.52
Second, a district is a large geographic unit, on average comprising over 200
villages. When villages are forcefully moved or formal relocation agreements
reached, communities tend to be relocated nearby or incorporated into plantation
activities within the same sub-district (kecamaten) or the existing village area if
large–often on unfavourable terms. Relocation to other districts is rare, and a
displaced poor individual is unlikely to move farther than the district or provincial
capital, in no small part due to financial constraints.
Estimating analogous models at a greater level of spatial aggregation
is a useful way to remove the influence of any within-province migration.
Province-level estimates are presented in Table 3.6. Columns 1 and 2 present
short-run effects, focusing on changes within each province over time. Column
1 includes island-specific poverty trends and Column 2 island-year fixed effects.
The magnitude of the estimate in Column 2 is similar to that from the analogous
district-level within estimator (Column 4 of Table 3.4). A long-difference estimate
with island fixed effects is presented in Column 3. Provinces with a ten percentage
point increase in their share of oil palm land have experienced, on average, a 13
per cent greater reduction in the poverty rate from 2002–2010. Province-level
estimates are similar to district-level estimates, suggesting that intra-province
migration is not substantially affecting my findings.
52Bazzi et al (2016) detail Indonesia’s transmigration program.
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Table 3.6: Province level Results
Estimator FE FE LD
Column 1 2 3
Oil palm land / district area (%)
-0.014* -0.007** -0.013**
(0.006) (0.003) (0.004)
Linear island trends Y N N
Island–year fixed effects N Y N
Island fixed effects N Y Y
Observations 319 319 30
Stars denote statistical significance at the 10, 5, and 1 per cent
levels. Sample is an annual balanced panel of Indonesian
provinces from 2002–2010, with oil palm land lagged one period.
Estimates are the within estimator with province fixed effects (FE)
and the long difference estimator (LD). Heteroskedasticitiy-robust
standard errors are in parentheses, clustered at the province level
for FE estimates and the island level for LD. Data taken from the
World Bank (2015).
In Table 3.7 I present results from least squares fixed effects and long-difference
estimators (Equations 1 and 2) using logged population (Columns 1 and 2) and
logged number of poor people (Columns 3 and 4) as dependent variables. Column
1 provides no evidence of any short-term change in population size arising from
oil palm land expansion. Column 2 shows that over the nine years, districts with
greater oil palm expansion tend to now have slightly larger populations, although
this effect is statistically significant only at the ten per cent level. Columns 3 and
4 show more oil palm land corresponds to a large reduction in the total number
of poor people in each district.53 I cannot rule out poor people systematically
leaving oil palm districts and being replaced by non-poor inward migrants, but
the evidence presented above suggests that this is highly unlikely to fully explain
the falling poverty rates identified in this Chapter.
53Note that estimates in Columns 1–4 are simple decompositions of estimates in Tables 3.1 and
3.4 using the log poverty rate as the dependent variable.
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3.8 Heterogeneity and wider impacts
3.8.1 Heterogeneity by region
Existing qualitative studies examining the poverty implications of oil palm
expansion in Indonesia emphasise context-specific heterogeneity (McCarthy,
2010). I now explore potential heterogeneity by region and sector. Figure 3.5
presents the long-difference point estimates for each of Indonesia’s five main
regions. Tabulated results are presented in Table 3.8, for the full-sample within
and long-difference estimates, interacting the island dummies with my main oil
palm land share variable to provide marginal effects by region.54






































Java Sumatra Kalimantan Sulawesi Other
54I drop the main (not interacted) effects to allow a more straightforward interpretation of
the estimated coefficients. Main results in Tables 3.1 and 3.2 are weighted averages of these.
Sub-sample estimates are provided in the Chapter Appendix.
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Table 3.8: Regional Heterogeneity
Dependent variable Log poverty rate Log poverty gap
Estimator FE LD FE LD
Column 1 2 3 4
Java*oil palm land share
0.013 -0.040 -0.063 -0.122*
(0.015) (0.041) (0.040) (0.065)
Sumatra*oil palm land share
-0.006*** -0.010*** -0.012*** -0.011**
(0.002) (0.003) (0.003) (0.004)
Kalimantan*oil palm land share
-0.014*** -0.029*** -0.027*** -0.039***
(0.004) (0.008) (0.007) (0.012)
Sulawesi*oil palm land share
-0.045*** -0.052*** -0.044*** -0.031***
(0.007) (0.017) (0.008) (0.008)
Other*oil palm land share
-0.036 0.060 -0.162 0.098
(0.128) (0.062) (0.174) (0.118)
District and year fixed effects Y N Y N
Initial conditions controls N Y N Y
Observations 3386 335 3051 335
Stars denote statistical significance at the 10, 5, and 1 per cent levels. Sample
sample is an annual district panel from 2002–2010. Oil palm land is lagged
one period. 2001 district boundaries are used, with new districts collapsed into
year-2001 parent districts. Island groupings are defined as districts from Java,
Sumatra, Kalimantan, Sulawesi, and with remaining islands grouped together.
Estimators are within fixed effects estimator (FE) with district and year fixed
effects, and the long difference estimator (LD) with initial log poverty and
log per capita income controls. Heteroskedasticity-robust standard errors are
in parentheses, clustered at the district level for FE estimates. Island*palm
interaction terms interact the island dummy for each island with the main oil
palm land share variable. Main effects (not interacted) are dropped for a more
straightforward interpretation.
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Column 1 of Table 3.8 presents the within estimate including district and year
fixed effects. The coefficients on the interaction terms for regions with little oil
palm (i.e., Java and eastern Indonesia) are statistically insignificant. Across the
main oil palm growing regions of Sumatra, Kalimantan, and Sulawesi, districts
have experienced short-run poverty reductions as a result of oil palm expansion.
Districts in Sulawesi experienced the largest reductions in district poverty rates,
highlighting how it is not just regions with relatively low poverty driving
my results, but some districts with high poverty rates making commensurate
proportional poverty reductions. The long-difference estimate presented in
Column 2 paints a similar picture to the panel estimates. The only difference is
magnitudes for Kalimantan and Sulawesi are similar in the short and long runs,
but for Sumatra the long-run effects are twice the magnitude of the short-run
effects. A plausible explanation for this difference is that in Kalimantan and
Sulawesi most recent oil palm expansion has come through large industrial-scale
plantations, whereas Sumatran oil palm expansion has been predominantly
smallholders (discussed further below). Columns 3 and 4 of Table 3.8 present
impacts on the poverty gap by region. Results are similar in the short and longer
term across all palm oil producing regions.
3.8.2 Heterogeneity by sector
Indonesian smallholders are reported to have per hectare yields up to 40
per cent lower than industrial estates, struggle to exploit economies of scale,
and use inefficient practices restricting yields and incomes (Hasnah et al, 2004;
Burke and Resosudarmo, 2012; Lee et al, 2013; Alwarritzi et al, 2015). Industrial
plantations are usually between 5,000–20,000 hectares and intensively managed
to maximise efficiency (Corley and Tinker, 2003). Naturally the sectors could have
heterogeneous effects.
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Table 3.9: Heterogeneity by Plantation Type
Sector State Private Smallholder
Panel width Annual 4-year Annual 4-year Annual 4-year
Column 1 2 3 4 5 6
Panel A: log poverty rate
Oil palm land/district area (%)
-0.011** -0.011** -0.012*** -0.011*** -0.004 -0.011**
(0.004) (0.004) (0.003) (0.004) (0.002) (0.004)
Panel B: log poverty gap index
Oil palm land/district area (%)
-0.012** -0.015** -0.014*** -0.011** -0.004 -0.014**
(0.006) (0.006) (0.004) (0.005) (0.003) (0.006)
Observations 3009 1004 3009 1004 3009 1004
Stars denote statistical significance at the 10, 5, and 1 per cent levels. Sample is an annual 341 district
panel (2002–2010) Oil palm land is lagged one period. 2001 district boundaries are used, with new
districts collapsed into year-2001 parent districts. Heteroskedasticity-robust standard errors are in
parentheses, clustered at the district level. A within estimator with district and island–year fixed
effects is used throughout.
Table 3.9 compares the poverty impacts of additional state, industry, and
smallholder-managed oil palm land. Data are taken from the Tree Crop Statistics
for Indonesia from the Department of Agriculture. Sub-sectoral oil palm land
data are strongly unbalanced, so I use the within estimator (i.e., Equation
Two) and shift between an annual and four-yearly panel to assess dynamics.
Columns 1–4 of Table 3.9 show similar coefficient magnitudes and dynamics
in large state-owned and private plantations, consistent in magnitude with the
long-difference presented in the Column 1 of Table 3.1. Effects for smallholders
are more variable. In Column 5, there is no detectable short-run relationship
between more smallholder land and district poverty rates. Large state and
company plantations, on the other hand, immediately hire labour to establish
and work on the plantations, often building local infrastructure and community
facilities for their workers. Independent smallholders bear these costs and usually
see little profit for two years. Column 6 extends the time-to-effect to four years:
the coefficient is similar to other sectors.
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Across all four-yearly panel estimates I find no evidence of any differential
impacts on the rate or depth of poverty, despite the different nature of the sectors
and their varying direct engagement with the poor. This is shown clearly for
the poverty rate in Figure 3.6, with similar point estimates and overlapping
confidence intervals for the three palm oil sub-sectors.55
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55Estimates exploring further heterogeneity by sector and by land quality and provided in the
Chapter Appendix.
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3.8.3 Wider impacts
In this section I use similar long-difference and fixed effects estimators to
assess whether oil palm expansion has generated district-level aggregate demand
spillovers. Table 3.10 estimates the local economic impacts of oil palm expansion
on the value of district agricultural, manufacturing, and aggregate output (all
official BPS data). First, note that while the estimated coefficients are mostly
positive and statistically significant, magnitudes are not large. Oil palm expansion
does not systematically correspond to local economic booms. For the two
sectors most directly involved—agriculture and manufacturing, which accounts
for milling—Columns 1–4 show small, persistent, and statistically significant
increases in the value of output. A ten percentage point increase in the share
of land used for oil palm plantations corresponds to a seven per cent increase in
the value of agricultural output and a four per cent increase for manufacturing.
Considering aggregate output in Column 5, an annual panel fixed effects estimate
finds no statistically significant immediate effect, implying short-run crowding
out and reallocation of factors of production. The long-difference estimate in
Column 6 shows increasing the share of district land used for oil palm by 10
percentage points corresponds to an average increase in non-oil and gas real
output of 2.4 per cent relative to districts without oil palm expansion. Any
crowding-out of other local economic activity appear at least fully offset in the
medium term, with net economic effects positive but small.

































































































































































































































































































































































































































































































This chapter’s objective was to quantify the contribution of oil palm
expansion to local poverty reduction in Indonesia. While there have
been clear environmental consequences associated with Indonesia’s rapid
increase in palm oil production, Indonesian districts using more land for oil
palm tend to experience more rapid poverty reduction. Indonesia’s recent
smallholder-led oil palm expansion provides an important case study of how
geographically-dispersed pro-poor growth can reach remote rural regions. But
how significant is this contribution for national poverty reduction?
Table 3.11: Estimated Contribution to Poverty Reduction




Column 1 2 3 4
Rokan Hulu 36 13 20 -28,526
Asahan 34 12 13 -47,012
Labuhan Batu 34 13 12 -43,457
Tanah Laut 24 5 7 -4,509
Deli Serdang 21 7 9 -50,281
Simalungun 20 11 15 -26,463
Kampar 19 10 13 -16,303
Kuantan Singingi 19 13 19 -11,003
Pasaman 17 10 12 -13,077
Langkat 17 11 16 -29,751
Σ estimated poverty reduction for all districts (no. poor people) -1,319,369
Districts are ten largest oil palm expansions, as measured by the 2001–2009
change in district area allocated to oil palm and defined by 2001 district
boundaries. Counterfactual poverty rates are estimated by predicting each
district poverty rate with oil palm expansion set to zero using the most
conservative least squares estimator (Column 1, Table 3.1). The estimated
poverty reduction is calculated from the difference between the estimated
poverty rate and its counterfactual. The sum in the final row is for all districts
for which data are available.
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Table 3.11 presents the ten districts with the largest proportional oil palm
land expansions. Columns 3 and 4 compare the actual poverty rate to a
simulated counterfactual poverty rate without oil palm expansion based on my
first least squares estimate (i.e., setting oil palm expansion to zero and using a
semi-elasticity of 0.012). All but one of these districts reduced poverty below
its estimated counterfactual poverty rate in the absence of oil palm expansion.
Of the more than 10 million Indonesians lifted from poverty over the 2000s, my
most conservative estimate suggests that at least 1.3 million people have escaped
poverty exclusively due to growth in the oil palm sector.
In this chapter I focused on the macro-level, reduced-form impacts of oil palm
expansion on local poverty. My focus on effects within the same district tends to
miss spillovers across regions or nationally, positive and negative. My findings do
not imply that an oil palm boom is the best way to reduce national poverty. Detailed
mechanism analysis using individual-level data is now needed to understand
whether the observed poverty reduction is purely a labour income story for
those employed in the agricultural sector, or whether there are wider economic
spillovers. Recent work on local multipliers (e.g., Moretti, 2010; Hornbeck
and Keskin, 2015) provides a useful framework for such analysis and, to my
knowledge, has not yet been extended to a developing country context (i.e.
with imperfect substitutability between imports and local consumables, immobile
factors of production, and abundant unskilled labour). Moreover, Indonesia
has continued to rapidly urbanise since its 1998 decentralisation without much
further industrialisation—a phenomenon common to many resource-dependent
countries (Vollrath, Gollin, and Jedwab, 2015). Most palm oil companies are
based in capital cities and general equilibrium effects are not well understood,
particularly consumption linkages to cities’ non-tradable sectors where profits are
mostly spent. The longer-term economic and social consequences of pro-poor
primary sector growth also warrant further study.
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My main finding that oil palm expansion has tended to reduce local poverty
in Indonesia should be considered with four more widely-known facts. First,
given the immense environmental costs associated with converting tropical forests
to oil palm plantations, emissions and biodiversity loss in particular, a strong
environmental case can be made for any future expansion to focus on existing
agricultural or degraded land already identified as suitable for oil palm (Gingold
et al, 2012; Austin et al, 2015). Second, oil palms are one of the most productive
uses for land in humid low-lying tropics. There are large gains to be made
from farmers continuing to switch to more productive crops. Market failures
inhibiting crop switching, for example incomplete credit markets, insufficient
public infrastructure, or restrictive land use practices (e.g., relating to food
self-sufficiency policies) could be promising areas for further research or policy
development. Third, large differences in productivity remain (between Indonesia
and Malaysia, and within Indonesia) and improving smallholder productivity
is often as simple as adopting improved agricultural practices.56 Thus there
is scope for further oil palm-related poverty reduction through these three
avenues (extensification, intensification, and crop switching) without the large
environmental costs that have characterised the sector to date. Finally, Indonesia’s
uniquely large share of smallholders engaged in plantation-based agriculture are
central to this story. Generalising my findings to other countries with different
levels of smallholder engagement would be injudicious.
56Knowledge of good agricultural practices for growing oil palms are not widespread for
smallholders and the transfer of knowledge between nucleus and plasma schemes has been
problematic.
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3.10 Chapter 3 Appendix
Table 3.12: Panel Summary Statistics
Variable 2002 2010 All years Mean difference
Palm oil land / district area (%)
Mean 0.58 2.65 1.3 2.07
SD 1.61 6.35 4.01 4.74
N 341 341 3386
District poverty rate (%)
Mean 19.94 13.82 16.74 -6.12
SD 11.57 7.3 9.5 -4.27
N 335 341 3386
Summary statistics are for the balanced panel of constant geographic units, where district
boundaries are reset to those at the start of the panel period for consistency. Palm oil land
as a share of district area is lagged by one year, as it is in my estimates. Data are official
Indonesian Government data, obtained through the World Bank’s Indonesian Database
for Policy and Economic Research online public portal.
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Table 3.15: Determinants of Changing Oil Palm Land Shares
Dependent variable Palm oil land / district area (%)
Estimator Pooled OLS Within FE Within FE




Lag electricity capacity nearby
-0.0003* -0.0003* 0001
(0.0001) (0.0002) (0.0001)
Lag access to electricity
-0.010 0.046*** 0.016
(0.010) (0.015) (0.019)
Lag human development index
-0.180*** 0.243*** 0.220
(0.058) (0.086) (0.243)
Lag child immunisation rate
-0.168*** 0.003 -0.0001
(0.036) (0.010) (0.010)






District FEs N Y Y
Island-year FEs N N Y
Observations 1019 1019 1019
R-squared 0.14 0.10 0.20
Stars denote statistical significance at the 10, 5, and 1 per cent
levels. Sample is an annual 341 district panel, 2002–2010. Palm oil
land is lagged one period (i.e., 2001–2009). 2001 district boundaries
are used, with new districts collapsed into year-2001 parent districts.
Heteroskedasticity-robust standard errors are in parentheses, clustered at
the district level. Covariates are all taken from the World Bank (2015)
Indonesia Database for Economic and Policy Research.
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Table 3.18: Heterogeneity–By Region
Dependent variable: log district poverty rate
Sample Island Island All
Estimator FE LD FE
Column 1 2 3
Panel A: Java
Palm oil land / district area 0.015 -0.035 -0.007***(0.016) (0.047) (0.002)
Island–palm interaction 0.021(0.015)
N observations 1091 105 3386
Panel B: Sumatra
Palm oil land / district area -0.007*** -0.011*** -0.016***(0.002) (0.004) (0.005)
Island–palm interaction 0.010**(0.005)
N observations 960 96 3386
Panel C: Kalimantan
Palm oil land / district area -0.007* -0.009** -0.006***(0.003) (0.004) (0.001)
Island–palm interaction -0.008**(0.004)
N observations 379 37 3386
Panel D: Sulawesi
Palm oil land / district area -0.05*** -0.05*** -0.006***(0.008) (0.016) (0.002)
Island–palm interaction -0.039***(0.007)
N observations 450 45 3386
Panel E: Other islands
Palm oil land / district area -0.039 0.345** -0.007***(0.130) (0.171) (0.002)
Island–palm interaction -0.026(0.128)
N observations 506 51 3386
This table provides consonant sub-samples estimates by region to
supplement to the full-sample estimates with interaction terms
presented in the paper. Stars denote statistical significance at
the 10, 5, and 1 per cent levels. Full sample (Column 3) is an
annual 341 district panel, 2002–2010. Palm oil land is lagged one
period (i.e., 2001–2009). 2001 district boundaries are used, with
new districts collapsed into year 2001 parent districts. Estimators
are the within estimator (FE) with district and year fixed effects,
and the long-difference (LD) estimator with initial log poverty
and log per capita income controls. Heteroskedasticity-robust
standard errors are in parentheses, clustered at the district level.




















































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Local impacts of resource booms
Abstract
I study the local economic and welfare impacts of three of Indonesia’s largest
natural resource sector booms. Applying the synthetic control method to
district-level data over the 2000s, I construct non-parametric counterfactual
estimates of the local impacts of resource booms in three districts experiencing
some of the largest and steepest increases in resource sector output. I examine
palm oil in Sumatra, coal mining in Kalimantan, and natural gas extraction in
West Papua. All three resource booms boosted total economic output. Oil
palm expansion in Riau raised agricultural, industrial, and services output. Coal
mining in South Kalimantan reduced agriculture and services output. Oil palm
and coal mining booms appear to have delivered strong local poverty reduction.
The Tangguh natural gas project in West Papua delivered a massive increase in
industry and aggregate output, but appears to have had indiscernible impacts on




Indonesia is the world’s largest exporter of coal and palm oil, but the long-term
development implications of Indonesia’s sustained resource-driven growth are
still not well understood (Burke and Resosudarmo, 2012; Garnaut, 2015; Hill
et al., 2008; van der Eng, 2014). With some of the world’s most decentralised
governance arrangements, understanding region-specific impacts of booming
resource sectors is critically important for economic, social, and environmental
policy and longer-term development strategies.
This chapter asks how rapid natural resource sector expansion affects a local
district economy and its residents’ welfare. I present a quantitative case study
on each of Indonesia’s three largest natural resource exports–coal ($22.9B; 11% of
merchandise exports in 2014), natural gas ($17.4B; 8.5%), and palm oil ($16.5B;
8.1%)–and exploit some of the largest and most sudden increases in district-level
production for each commodity: palm oil in Indragiri Hilir, Riau; coal mining in
Tapin, South Kalimantan; and a giant natural gas project in the Bintuni Bay of
West Papua. All three sectors have been argued to be economic enclaves, but have
starkly different characteristics. Oil palm is labour- and land-intensive and spread
amongst government, private, and smallholder farmers. Natural gas extraction
and coal mining are capital-intensive, generate relatively little employment, and
have highly concentrated rents. My key hypothesis is that the more diffuse oil
palm sector should generate broader-based benefits than point resource sectors,
particularly natural gas. An appropriate control group is needed to compare the
observed district outcomes with the same district’s unobserved counterfactual
outcomes (“untreated”). I use a relatively new method—synthetic control
modelling—to construct a “synthetic” comparison district for each resource boom
district, allowing me to compare the booming districts’ observed outcomes with
reasonable counterfactuals. Each synthetic control district is a weighted average
of untreated districts with similar pre-treatment observable characteristics and
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outcome behaviour to the treated district. Optimal weights are determined
through a data-driven algorithm minimising the mean squared prediction error
over the pre-treatment period, resulting in a synthetic control more closely
resembling the treated district than any other single comparison district or group
of districts.
I find that all three resource booms boosted total economic output and
significantly altered the structure of the local economy. Oil palm expansion
in Indragiri Hilir raised agricultural, industrial, and services output. The
poverty rate declined substantially while average household expenditure fell
below its counterfactual—a puzzle I discuss further in the chapter. A major
coal mining expansion in Tapin reduced agriculture and services sector output
while delivering strong poverty reduction. Natural gas extraction in West
Papua delivered a giant boost to mining, industry, and total output in one of
Indonesia’s most developmentally lagging regions. Small, positive services sector
spillovers are observed, but agricultural output diverged below its estimated
counterfactual. No change in the pre-existing poverty and average household
expenditure trends implies negligible welfare impacts in light of the massive ramp
up in district per capita output. My three case studies collectively suggest that
more diffuse natural resources tend to generate broad-based, inequality-reducing
economic development. The benefits from extracting point resources appear
more concentrated, suggesting a greater role for social policy and economic
diversification in areas dominated by these sectors.
Existing studies on the local impacts of natural resources typically fall into
two categories: small-scale qualitative case studies (see, e.g., McCarthy et al
(2010; 2011), Rist et al (2010), and Budidarsono et al (2012) for palm oil), or
larger-scale statistical studies (see Cust and Poelhekke (2015), Torvik (2009),
van der Ploeg (2011), and Wick and Bulte (2009) for mining). Qualitative
narratives and geographically-narrow case studies provide a rich source of
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descriptive evidence, but are generally unable to quantify impacts and provide
little basis for causal inference. Econometric studies—while sometimes providing
a causal interpretation of the data—can often lack context, assume homogeneous
treatments, and mask heterogeneity across treated units. One of the few points
of agreement in the resource curse literature is that the development impacts of
natural resources have been heterogeneous across time, commodities, country
characteristics, and local conditions.
My main contribution in this chapter is to provide new quantitative case
study evidence of the local economic and welfare impacts of rapid resource sector
expansion in Indonesia’s three largest export commodities: coal, natural gas, and
palm oil. In doing this, I provide new micro-level evidence on the poverty and
welfare elasticity of resource sector growth, and on its potential inter-sectoral
linkages (i.e., spillovers). With sub-national panel data becoming increasingly
available, I also show how the synthetic control method can be a useful tool to
analyse the impacts of major policies and economic shocks to single administrative
units, particularly in Indonesia where many decisions are made at the district and
province levels.
The chapter is structured as follows. Section 4.2 explains synthetic control
modelling and its application to sub-national data from Indonesia. Section 4.3
presents the results for my three case studies. Section 4.4 concludes.
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4.2 Synthetic control approach
To make causal inferences about the local impacts of palm oil plantations,
mines, or other resource-related activities through case study-based research
we must ask what the area would look like without these activities—a difficult
question to answer. Many factors affect local economic outcomes, from
government policies, to private investment, to weather. Finding a single
comparison unit free of the treatment but still sufficiently similar to the treated
unit is often problematic. Before-and-after analyses tend to be contaminated by
other changes in the local economy, and differencing out trends cannot account
for systematic differences in growth paths.
One approach to deal with these problems is the synthetic control method
proposed by Abadie and Gardeazabal (2003). The synthetic control method is a
systematic way of choosing case study comparison units, allowing quantitative
causal inferences in small samples, usually a single “treated” unit. It uses
data from multiple comparison units to construct a single synthetic comparison
unit—a weighted average—that most closely resembles the unit of interest before
the event under study, i.e., exhibiting the same pre-treatment dynamics. If a
synthetic district can be generated based on a set of similar districts and valid
predictor variables, and a resource boom has substantial impacts on the local
economy, then the economic trajectories of the district experiencing the resource
boom and its synthetic control should be similar before the resource boom but
diverge after.
The usefulness of the synthetic control method has been demonstrated
across a variety of applications. At the national level, Pepinski and Wihardja
(2011) examine the economic impact of Indonesia’s decentralisation in 1999.
Mideksa (2013) quantifies the positive economic impact of Norway’s natural
resource endowment over a long time period. Smith (2015) applies the same
approach to many resource-rich countries, finding that countries that have
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become resource-rich have subsequently attained higher per capita incomes.57 My
study relates closely to Mideksa (2013) and Smith (2015) but at a sub-national level
and focusing on indicators beyond per capita output.
Within-country applications are becoming popular as well. Synthetic control
analysis is particularly well-suited to micro-level studies, as within-country units
share some of the same external shocks (e.g., related to national-level policies
and the economy). In the seminal study introducing the method, Abadie and
Gardeazabal (2003) estimate the economic effects of terrorism in the Basque
Country of northern Spain. The closest studies to mine are those of Munasib
and Rickman (2015), who use the synthetic control method to look at the regional
economic and welfare impacts of shale gas in a few US counties, and Sills et al
(2015), who use sub-national data from Brazilian municipalities to examine the
effectiveness of a local anti-deforestation policy.58 To my knowledge, mine is the
second application of the synthetic control method to sub-national data from a
developing country after Sills et al.’s (2015) Brazilian study.
4.2.1 Estimation and inference
Consider d = 1 as the district experiencing a resource boom (the treated
district) in a sample ofD+ 1 districts. d = 2 to d = D+ 1 are potential comparison
units in a comparison pool. Yd,t is the outcome of interest for district d at time
57Additional national level studies include Abadie, Diamond and Hainmueller’s (2014) study
of the impact of German reunification in 1990 on West Germany’s economic growth, Horiuchi
and Mayerson’s (2015) study of the economic costs of conflict in Israel following from the Second
Intifada, Billmeier and Nannicini’s (2013) study of the impacts of trade liberalisation on per capita
output, and Karlsson and Pichler’s (2015) work on the demographic impacts of HIV.
58Other sub-national applications include Montalvo’s (2011) study of the electoral impacts of
the 2004 Madrid bombings, Abadie, Diamond and Hainmueller’s (2010) study of the impact of a
large-sale tobacco control program on cigarette sales in California, and Bohn et al’s (2014) study on
the impact of the 2007 Legal Arizona Workers Act on the state’s population composition. Chan et al
(2014) construct synthetic academics and estimate the impact of the John Bates Clark Medal and
the Fellowship of the Econometric society on academic performance, Bauhoff (2014) look at the
dietary impacts of nutritional standards in schools, Barone and Mocetti (2014) look at the regional
economic impacts of two earthquakes in Italy, Pinotti (2015) examines the impacts of mafia activity
in Italy, Ando (2015) looks at the local impacts of new power plants in Japan, and Krief et al (2015)
re-examine a difference-in-difference evaluation of a major UK health policy without assuming
parallel trends.
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t. A synthetic control district for d = 1 is constructed as a weighted average of
comparison pool districts, using a (D × 1) vector of weights:
W = (w2, ..., wd+1)
′ (4.1)
with 0 ≤ wd ≤ 1 for d = 2, ..., D + 1 and w2 + ...+wd+1 = 1. W ∗ is selected through
an optimisation procedure minimising:
(X1 −X0W )′V (X1 −X0W ) (4.2)
where X1 is a vector of pre-treatment variables for my case study district, X0 is
the corresponding matrix of the same variables for D comparison pool districts,
and V a diagonal matrix reflecting the relative importance of the different Xs.
A data-driven algorithm minimises the pre-treatment differences between the
outcomes of interest and results in a single comparison district resembling
the treated district—in outcome levels, outcome behaviour, and observable
covariates—better than any single comparison district or group of districts. If a
good pre-treatment fit between the case study district and its synthetic control is
achieved, differences in post-treatment outcomes can be assumed to be a result of
the treatment. The treatment effect for district d = 1 in the post-boom period is:
Y1,t − ΣD+1d=2 w∗dYd,t (4.3)
where w∗d are the optimal weights.
A key strength of the synthetic control method is that it is a generalised
difference-in-difference approach allowing quantitative causal inference on a
single treated unit. But unlike difference-in-difference and panel fixed effects
estimators capturing only time-invariant confounders, well-constructed synthetic
controls do not rely on a parallel trends assumption and are robust to time-varying
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unobservable confounders (Abadie et al, 2010). A principal reason to use synthetic
controls is to control for the effect of unobservable factors potentially influencing
time trends in the treated and control units (Acemoglu et al, 2014; Smith,
2015). Unlike regression and matching on baseline covariates, synthetic controls
compare units similar in terms of baseline covariates plus the behaviour of the
outcome of interest in the pre-treatment period and how the covariates shape
this behaviour. The credibility of the method depends on being able to construct
a close comparison unit falling within the convex hull of the treated unit, then
arguing the divergence in outcomes between the treated unit and the synthetic
control is due to the intervention of interest (i.e., the treatment is the only major
change affecting the treated unit).59
The key limitation of the synthetic control approach is that conventional
methods of assessing statistical significance (i.e., based on large-sample inferential
techniques) are not available due to the smaller number of time periods and
control pool observations. The three cases in this Chapter are no exception.
However, non-parametric treatment effects obtained from synthetic control
analyses can be subjected to a range of falsification tests, leading to what Abadie et
al (2010) term “exact inference” from examining the full distribution of treatment
effects obtained by iteratively applying the treatment to each unit in the sample
(akin to random permutation testing and inference). Such placebo tests can be
conducted across time periods (Bertrand et al, 2004), across donor pool units, on
the synthetic control itself, and on alternative outcomes plausibly unaffected by
the treatment.
59See Abadie and Gardeazabal (2003) and Abadie, Diamond, and Hainmueller (2010; 2011;
2014) for more technical treatments of the synthetic control method, including proofs and
alternative approaches to constructing V .
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Applying the synthetic control method to district-level resource booms in
Indonesia is arguably more challenging than previous applications for two
reasons. Sub-national data from developing countries tend to be more porous
and volatile than the national accounts and within-country data used in previous
studies. This is important because the approach has historically required clean,
slow-moving data for the optimisation procedure to function well and separate the
treatment effect from idiosyncratic variations in the outcome of interest. Abadie
et al (2010) go as far as recommending smoothing volatile outcome variables
to minimise idiosyncratic variation. Given the imperfections already laden in
the data, I avoid this practice.60 Secondly, many districts of Indonesia have
experienced resource booms of varying size and scope. Care must be taken to
identify resource expansions appropriately interpreted as discrete shocks (i.e.,
dichotomous treatments), and large restrictions must be placed on the comparison
pool to ensure sufficiently similar but untreated districts.
4.2.2 Data
A balanced panel of Indonesian districts
The constrained optimisation procedure to obtain the W ∗ weights requires
data for matrices X1 and X0. Balanced panel data are needed for the outcome
variables for the treated unit and all potential control units in the comparison
pool. Additional covariates (predictors) must also be available for all units for at
least one pre-treatment period. All data for this study are taken from the World
Bank’s (2015) Indonesia Database for Policy and Economic Research (DAPOER).
DAPOER is a public sub-national database covering over 200 socio-economic
variables across Indonesia’s 33 provinces and over 500 districts (kabupatens).
60McCulloch and Sjahrir (2008) McCulloch and Malesky (2011) discuss some of the
measurement issues associated with Indonesian subnational accounts data. Indonesian statistics
can however be considered relatively reliable by developing country standards.
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My three case studies are conducted at the district level to identify the
aggregate impacts of resource booms on the local economy and residents’ welfare.
Indonesian districts are clearly defined legal and geographical units with district
administrations reflecting local economies, but the number of districts has not
remained constant over time. Power was decentralised to around 300 district
governments with the fall of Suharto in 1998, driving the number of districts to
proliferate from 292 in 1998 to over 500 in 2015 (Fitriani et al, 2005). To obtain
a nationally-exhaustive balanced panel of constant geographic units, I apply
year-2001 district boundaries to my dataset. The average district in my balanced
panel had a population of 1.4 million people in 2011, with the smallest district
having a population of just 21,000.
The study period is as long as the data permit for each estimate,
as longer treatment periods improve the accuracy of estimation (Abadie,
Diamond, and Hainmueller, 2010).61 Most district-level data are only available
post-decentralisation, so I focus on resource expansions from 2005 to allow a
sufficient pre-treatment window to fit the synthetic controls. Post-treatment
periods are extended as long as data permit to allow treatment effects to emerge
gradually and to examine dynamics.62
61Recall the credibility of the approach depends on how well the synthetic control tracks the
treated unit before the treatment, with this demonstrated for as many periods as possible. An
effective synthetic control does not only match the level and the trend of the treated unit in the
pre-treatment period, but its behaviour and sensitivity to time-varying conditions (e.g., business
cycles).
62The study period includes commodity price booms and the global financial crisis. Districts
without commodities would not benefit from their prices, so the total treatment effect naturally
includes some price effects. Commodity price booms and financial crises only bias results if
responsible for a structural break in how unobservables map to the outcome after the treatment.
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Outcomes of interest
My economic outcomes of interest are real regional gross domestic product
(RGDP) per capita and its components. I follow standard United Nations
sectoral classifications. The primary sector comprises agriculture, forestry, fishing
(one item in Indonesian sub-national accounts), and mining and quarrying.
Manufacturing, construction, and electricity, gas, water, and sanitary services
(utilities) are the secondary sector (industry). The tertiary sector—broadly
defined as services—consists of transport, storage, and communications,
wholesale and retail trade, banking, insurance and real estate, ownership of
dwellings, public administration and defence, services, and all other activities. I
am interested in the effects of resource booms on the rest of the primary sector (i.e.,
agriculture in the case of mining), industry, and services (excluding government).
Examining impacts on different sectors allows me to gauge any local structural
change and spillovers through: (a) production linkages (producing commodity
sector inputs or processing raw materials); (b) consumption linkages (greater
demand for non-resource sector output from resource sector income); or (c)
crowding-out non-resource sectors (i.e., (a) and (b) in reverse).63 Output variables
are converted to per capita terms to take population size into account and to
better facilitate matching. RGDP in million Indonesian rupiah (IDR, constant
2000 prices) and total district population data are taken from Indonesia’s central
statistics agency, Badan Pusat Statistik (BPS). While most national accounts are
subject to some measurement and imputation error, Indonesian statistics are
generally better than many other developing countries’ national accounts data
(McCulloch and Sjahrir, 2008; McCulloch and Malesky, 2011).
63Fiscal linkages, the third of Hirschman’s (1981) linkages in addition to production and
consumption linkages, are beyond the scope of this study.
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To assess broader welfare and distributional impacts I also examine average
per capita monthly household expenditure and the district poverty rate. Per
capita household expenditures (monthly IDR) are derived from the consumption
module of BPS’s high quality, district-representative national socio-economic
survey (SUSENAS). SUSENAS is implemented at least annually (usually at a
similar time each year) and covered around 1.2 million people in 2011.64 The
poverty rate is the share of the total district population whose expenditure level is
below the poverty line: the central social policy target for Indonesian governments
and development agencies. The expenditure-based poverty line varies by district
and period, linked by a universal consumption requirement.
A key concern when selecting outcome indicators is that sufficient time is
allowed for impacts to be quantitatively seen. Although the full impacts of
any resource booms will not likely be realised for years, output, poverty, and
household expenditure should be relatively responsive. The synthetic control
method allows me to evaluate their short-run dynamics over time. Long-term
effects may be different.
4.2.3 Identifying appropriate case studies
Resource booms must be of sufficient magnitude to cause noticeable impacts
on the outcomes of interest relative to any idiosyncratic shocks, particularly in
comparative case studies where small effects are often indistinguishable from
random shocks.
I separately sorted district-year observations by the two-year change in mining
and quarrying output, oil and gas output, and palm oil production to identify the
district-level resource boom for each of Indonesia’s three largest natural resource
64I leave household expenditure in nominal terms. This may be misleading if a resource boom
leads to local (district-specific) inflation, for example due to local Dutch disease dynamics. As price
data are available infrequently for only major cities, I cannot assess year-to-year inflation in my
case study districts and in comparison with other districts. However, there is no reason to expect
the law of one price not to hold, and cities (kotas) nearest to my case study districts (Pekanbaru,
Banjarmasin, and Manokwari) show no abnormalities relative to other cities and national trends.
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export commodities most suitable for synthetic control analysis.65
The synthetic control approach relies on a sharp discontinuity or event (i.e., a
structural break) to split the observed outcome from the simulated counterfactual.
To create a dichotomous treatment environment from my continuous treatment
variables, I identify districts with consistently low or non-existent resource
production in the early 2000s and a large and rapid production scale-up followed
by persistently high production. I visually inspect the time series for districts with
the largest short-term changes in mining, oil and gas, and palm oil production to
restrict potential case studies to those where there is just the one major production
increase during the period under study. Assuming I fit valid synthetic controls,
differences between the treated districts’ outcomes and the synthetic controls in
the post-treatment periods can be interpreted as causal effects if the resource
boom is the only major event affecting the treated unit. Thus districts with
resource booms for other commodities (e.g., with oil and palm oil, as is the case in
some districts in Riau province) and other district-specific economic shocks (e.g.,
natural disasters) are removed.
I identify (a) palm oil expansion in the Indragiri Hilir district of Riau province,
(b) coal mining expansion in Tapin district of South Kalimantan, and (c) the
commencement of natural gas extraction in Manokwari, West Papua, as the three
district-level resource booms most suitable for synthetic control study (see Figure
4.1). Table 4.1 compares case study districts’ characteristics to each other and
national averages in 2005, the last common pre-boom year.
65Sorting was done in level changes in production output and checked against growth rates
(i.e., the percentage change in the second lag). Mining and quarrying, and oil and gas output,
are official BPS sub-national accounts data. Mining captures economic activity extracting oil,
natural gas, coal, and minerals, and preparing them for further processing. Quarrying refers to
the quarrying of chemical elements, mineral, and recess rock sediments just below the earth’s
surface, excluding metal, coal, petroleum, and natural gas. Manufacturing includes processing
these materials mechanically, chemically, or manually into finished or semi-finished products.
District-level palm oil production in tons is taken from the Tree Crop Statistics of Indonesia for
Oil Palm produced annually by the Department of Agriculture.
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Year
Indragiri Hilir palm oil (LHS) Tapin mining (RHS)
Manokwari oil & gas /10 (RHS)
Figure 4.2 presents each case study’s time series for resource sector output.
Oil and gas output per capita for Manokwari is by far the largest boom, so
I divide it by ten to present the three together. By identifying the resource
booms through a component of output prior to assessing impacts, I validate
a dose-response relationship between resource production and the economy.
This implies the resource “shock” is the key driver of any observed changes,
rather than some other factor coinciding with the boom (Mideksa, 2013). By
focusing on production, the main challenges is that the two possible states for the
treated district are pre-production and post-production. For the mining booms,
pre-production periods may be different to periods with no mining activity (e.g.,
due to construction and other activities, reflecting the mining life cycle). However
if a tight match is achieved on the pre-production period, the synthetic control
comparisons are valid: the counterfactual is just based on a synthetic control
mimicking a pre-production state rather than a purely untreated state. Relatedly
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reverse causation can also threaten the validity of comparisons. Resource booms,
and in particular, private investment in the resource sector, could be triggered by
anticipation of future growth prospects. If such growth expectations are captured
by the unobservable heterogeneity included in the model—demonstrated by a
tight pre-treatment fit and the synthetic control and the actual outcome moving
together—this should not bias estimates. Using earlier treatment years—to
include pre-production activities in the estimated treatment effects and account
potential anticipation effects—gives similar results.66
66Although the synthetic control method handles unobservable heterogeneity, resource shocks
arguably can be treated as exogenous in any case. The geological placement of natural
resource reserves is fundamentally random (Carmignani, 2013; Edwards, 2016; van der Ploeg
and Poelhekke, 2010) and the development of Indonesia’s natural resources tends to proceed
regardless of local socioeconomic conditions (Resosudarmo, 2005). Likewise the process of oil
palm expansion is subject to a high degree of arbitrariness, similar to that described in Burgess et
al. (2012).
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4.2.4 Constructing each synthetic control
Identifying relevant predictors
Optimal weights used to construct synthetic controls (W ∗) depend critically
on V , so predictor variables in X0 and X1 must be considered carefully. Valid
synthetic controls for my three case study districts must be based on predictors
effectively (a) describing the three districts’ pre-treatment economic profiles, and
(b) predicting their post-treatment trajectories. I identify output per capita, the
adult literacy rate, population density, agricultural employment share, industry
employment share, average household expenditures, the poverty rate, the poverty
gap index, the agricultural share of output, manufacturing share of output, and
lagged outcome variables as relevant predictors.67 I ensure lagged outcome
variables are omitted for a few pre-treatment periods (to allow sufficient influence
of the other predictors) and follow Abadie and Gardeazabal (2003) to choose
V through the purely data-driven method described earlier.68 There are likely
other relevant predictors not included in my model, but tight pre-treatment fits
(i.e., the synthetic control tracking the movements of the actual outcome) and
strong predictor balance suggest my predictors capture most of the unobserved
heterogeneity in the pre-treatment periods.
Refining the pool of potential comparison districts
The comparison unit is supposed to approximate the counterfactual of the
unit of interest without any treatment, so selecting a comparison pool of districts
sufficiently similar to the districts of interest is critical to construct a valid synthetic
67Predictors are taken from the World Bank (2015), statistically relevant according to simple
pooled ordinary least squares and panel fixed effects estimates, and identified from existing
research on Indonesian sub-national development, e.g., Arndt (1984), Hill (1996), Hill et al (2012),
Suryahadi et al (2003), Suryahadi et al (2009), Wetterberg et al (1999), Resosudarmo (2005), Miranti
(2010), Manning (2010), Manning and Sumarto (2011), and De Silva and Sumarto (2014).
68Including all outcome lags as separate predictors is common to improve the pre-treatment
fit; see, e.g., Bohn et al (2012) and Billmeier and Nanncini (2012). I avoid this practice, as it can
lead to over-fitting and poorer post-treatment performance, rendering other predictors irrelevant
irrespective of how important they are in describing the pre-treatment (Abadie et al, 2010).
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control. With 336 districts in 2001, my balanced panel provides rich cross-sectional
variation to draw an appropriate comparison pool. However using an excessive
number of observations tends to give unreasonably large weights to observations
similar to the treated unit in the pre-treatment period in some characteristics, but
wildly different in others. Abadie et al (2010; 2014) emphasise the importance
of limiting the comparison pool to units whose outcomes are driven by the
same structural process as the outcome of the unit of interest and not subject
to structural shocks to the outcome in the period of the study. Restricting the
comparison pool ensures appropriate comparison units are used, helps avoid
such interpolation biases, and minimises over-fitting the data to idiosyncratic
variations in a large sample of unaffected units.
Three empirical issues must be addressed in restricting the comparison
pool. Districts in the comparison pool must be: (a) unaffected by similar
treatments or any other large idiosyncratic shocks that could affect the outcome
of interest during the period of the study; (b) not affected by spill-overs from the
treatment on the treated unit (otherwise known as the stable unit treatment value
(SUTVA) assumption or no interference); and (c) sufficiently similar observable
characteristics and outcomes to the treated districts.
To ensure the districts in the comparison pool are not “treated” by similar
resource sector shocks, I restrict the comparison pool to districts with an
average total (not per capita) mining output of less than 10,000 million IDR
and palm oil production less than 1,000 tons over the whole period. I use the
full sample period for this restriction (c.f., pre-treatment period) because other
treated districts cannot be in the control group. My difference-in-difference-style
comparisons are therefore between districts with little to no resource production
expanding rapidly and staying expanded, and a synthetic district with little to no
resource production without any expansion. While this procedure raises concerns
about the comparability of resource-rich districts with non-resource-rich districts,
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ensuring potential comparison units are untreated is the first-order issue.69
Oil palm can be processed in mills in neighbouring districts and companies
tend to be head-quartered in provincial capitals (Pekanbaru in this case) and
Jakarta. Indonesia’s unique resource revenue sharing arrangements often see
mining revenues distributed to other districts in the same province (see Agustina
et al (2012), Fadliya and McLeod (2010), and Lewis and Smoke (2015) for
detailed discussions of Indonesia’s fiscal arrangements). Both scenarios could bias
estimates. To minimise contamination from economic spillovers in potentially
affected neighbouring districts, I remove districts from the same province as the
treated district from each comparison pool.
Comparison districts sufficiently similar in observable characteristics and past
outcome behaviour are selected using the data-driven algorithm described earlier
(i.e., dissimilar units receive zero weights). Ideally I would also restrict the
comparison pool to districts in the same region (i.e., island group) to ensure
“common geographic support”, but this is only feasible for oil palm expansion in
Indragiri Hilir. The goal is to strike a balance between how similar the observable
characteristics of districts within the comparison pool are and the size of the
comparison pool. Tapin is a relatively small district and other non-resource-rich
districts on the island are not sufficiently comparable. Likewise Manokwari is a
national outlier in many respects and it is necessary to draw from a larger pool
to get a good match. Losing place-based comparability and running the risk
of interpolating across dissimilar regions, I gain the benefit of drawing from a
sufficiently large comparison pool with districts more comparable to Tapin and
Manokwari in observables and pre-treatment outcome levels and behaviour. My
three case study districts are rural but I retain cities (kotas) in the comparison pools
to better capture local business cycle conditions.
69The synthetic control method also deals with this concern by generating a comparison unit
for the untreated district with the natural resources but without the boom in natural resource
production. Natural gas and coal reserves were known for the whole study period, as was the fact
that oil palm could plausibly grow in the areas where it was later planted.
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4.3 Results
4.3.1 Oil palm expansion in Sumatra
Palm oil is the world’s most consumed vegetable oil and Indonesia its
largest producer. Over the past few decades the Indonesian landscape has been
transformed by oil palm expansion, with most of the increase in production
coming from land conversion (Gaskell, 2015).70 Indragiri Hilir is one such district
that has been recently transformed by oil palm. Indragiri Hilir’s palm oil mill
(Teluk Bakau POM, in Rotan Semelur village) was recently certified by the
Roundtable on Sustainable Palm Oil (RSPO) and the district area land used for
oil palm plantations almost tripled in from 2007–2008. Production then increased
sevenfold from 2007–2009 (see Figure 4.2).
Table 4.2: Impacts of Oil Palm Expansion in Sumatra
Treatment minus synthetic control
RMSPE N
Pre-T T T+1 T+2 T+3 T+4
Column 1 2 3 4 5 6 7 8
Total output -0.01 0.16 0.28 0.85 0.67 0.87 0.04 35
Agriculture 0.00 0.29 0.36 0.76 0.78 0.87 0.02 35
Industry 0.00 0.07 0.12 0.25 0.25 0.32 0.02 35
Services 0.00 0.06 0.10 0.31 0.25 0.35 0.02 35
Poverty (%) 0.01 1.18 -0.19 -1.55 -2.57 -2.07 0.00 100
HH exp. -21 2764 7713 -77372 6415.00 225
Poverty matched from 2002 up to the pre-treatment period 2007. All other variables
matched from 2001–2007. Pre-T is the average difference between the observed
outcome and the synthetic control in the pre-treatment matching period, RMSPE
is the root mean squared prediction error, and N is the number of districts in the
comparison pool. HH exp. refers to average monthly household expenditure per
capita in nominal IDR.
70Corley and Tinker (2003) discuss the oil palm’s history and physiology, and Rival and Levang
(2014) recent developments in Asia. Dennis et al (2005) and Koh and Wilcove (2007, 2008) discuss
environmental impacts. McCarthy et al (2010; 2011) and Rist et al (2010) discuss local social
impacts.
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Economic impacts
The local impacts of oil palm expansion in Indragiri Hilir are presented in
Table 4.2. The units for total output, its components, and average household
expenditure are per capita Indonesian rupiah. Poverty is in percentage points.
2008 is the treatment year, and the synthetic control is constructed using data from
2001–2007. Results are presented up to 2012 or as far as the data permit (2010
for household expenditure). The first column of Table 4.2 presents the average
difference between the observed Indragiri Hilir and its estimated synthetic control
over the pre-treatment period. Columns 2–6 show the difference between the
observed Indragiri Hilir and its estimated synthetic control in the treatment and
post-treatment years. The pre-treatment differences between actual Indragiri Hilir
and its synthetic control and the root mean squared prediction error (loss of fit)
are small relative to the outcome and its variation and grow in the post-treatment
period, as should be the case if valid synthetic controls have been constructed and
impacts increase over time. The final column presents the number of districts in
each restricted comparison pool.
Figure 4.3 graphically compares Indragiri Hilir’s observed outcomes for the
period 2001–2012 with the outcomes of counterfactual Indragiri Hilir. Panel A
shows output per capita increased steadily above its counterfactual, suggesting
the oil palm expansion was not offset by any local “Dutch disease” effects, at least
in aggregate terms.
Table 4.3 compares the average values of the predictor variables for Indragiri
Hilir and the estimated synthetic control for per capita output. Outcomes and
predictors for the synthetic control closely approximate Indragiri Hilir in the
pre-treatment period: coupled with the tight pre-treatment fit, this suggests the
synthetic control captures unobservable heterogeneity.
§4.3 Results 144
Table 4.3: Predictor Balance: Indragiri Hilir
Predictor Treated Synthetic
Output per capita (2008) 8.72 8.56
Output per capita (2006) 7.79 7.83
Output per capita (2004) 7.04 7.06
Average output per capita 7.15 7.15
Adult literacy rate 97.51 96.94
Agricultural employment share 4.076 3.26
Average Household expenditures 215, 516 261, 980
Poverty rate 16.77 17.31
Poverty gap index 3.27 3.05
Industry employment share 8.77 2.77
Agriculture output share 0.50 0.41
Manufacturing output share 0.16 0.15
RMSPE: 0.076
Table 4.3 compares the predictor variables for Indragiri Hilir
and its synthetic control for the impact estimate on district per
capita output in Panel A of Figure 4.3 and row one of Table
4.2. Variables other than lagged outcomes are averaged over
the pre-intervention period 2001–2008. RMSPE refers to the root
mean squared prediction error.
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Weights used to construct the synthetic control in Panel A of Figure 4.3 are
presented in Table 4.4. Dairi (North Sumatra) and Palembang, (South Sumatra)
account for most of synthetic Indragiri Hilir. The synthetic control comprising
just a few districts with large weights suggests the model is not overfitted (c.f.,
most of the sample getting very small weights suggests a potential overfitting
problem). None of the districts contributing to the comparison group in Table
4.4 have experienced a rapid increase in oil palm production and they span the
island of Sumatra, as intended. I do not present predictor balance and weights
for the other 17 synthetic controls in the chapter.
Table 4.4: Synthetic Indragiri Hilir Weights
Weight District name Province
0.5 Dairi North Sumatra
0.31 Palembang South Sumatra
0.06 Sabang Nanggroe Aceh Darussalam
0.06 Tanggamus Lampung
0.03 Banda Aceh Nanggroe Aceh Darussalam
0.03 Medan North Sumatra
0.01 Aceh Besar Nanggroe Aceh Darussalam
0.01 Lampung Timur Lampung
Table 4.4 presents the weights used to calculate the total per capita
output synthetic control for Indragiri Hilir, Riau, behind Panel A
of Figure 4.3 and the top row of Table 4.2. The comparison pool is
36 districts in Sumatra but outside Riau province. 28 districts are
assigned zero weights.
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Panels B and C of Figure 4.3 show substantial impacts on per capita agriculture
and industry output, the two sectors capturing the growing and milling of palm
oil.71 Industry classifications in Indonesian sub-national accounts do not allow
me to disentangle whether any of the positive impact on industry output is due to
activities beyond processing palm oil at the mills. In Panel D I turn to services
output and find limited evidence of any major economic spillovers to formal
services, with only a small increase relative to the counterfactual. Given the size of
the informal services sector in rural Indonesia and its systematic underestimation
in official data, I cannot rule out further consumption spillovers in the informal
economy.
Welfare impacts
Panels E and F of Figure 4.3 present the broader welfare impacts of palm oil
expansion in Indragiri Hilir. Average per capita household expenditures and the
district poverty rate tell a different although not necessarily inconsistent story.
Average household expenditures track the synthetic control until the final year,
when it plateaus off below the synthetic control (Panel E). The pace of poverty
reduction picks up with around a four percentage point reduction relative to the
counterfactual four years into the oil palm expansion (Panel F).72 But why do
average nominal household expenditure and the poverty rate both decline, rather
than move in opposite directions? The poverty rate falling without an increase
in the average implies changes to the distribution of consumption (e.g., holding
the distribution constant and substantially increasing the average consumption,
the poverty rate must fall). First, household expenditure and the poverty rate
are derived from the same source so data issues are unlikely to explain the
71The synthetic control for agriculture also diverges from its pre-treatment trend when
each district in the comparison pool is sequentially dropped and when a wider comparison
pool is used (c.f., Sumatra). This highlights the risk of assuming linear or parallel trends in
difference-in-difference studies, as pre-trends can indeed change during the treatment period.
72I draw from a larger nationwide comparison pool to attain a closer pre-treatment fit for these
two estimates (c.f., restricting to Sumatra).
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divergence.73 Second, growth in the palm oil sector could just be pro-poor
and redistributive, as rural poor mostly work in agriculture and agricultural
sector growth has historically been pro-poor (Suryahadi et al, 2009; de Silva
and Sumarto, 2014). Third, the cumulative distribution function of household
expenditure can also be quite steep around the poverty line, so a small change
in the distribution can correspond to a large change in the poverty rate. This is
indeed what is observed in the individual-level data. Figure 4.4 plots cumulative
distribution function of household expenditure before and during the palm oil
boom, and Figure 4.5 plots the two corresponding kernel density estimates.74
The curves both shift slightly to the right and flatten out a little.
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73Counting the wealthiest Indonesians in SUSENAS has been a persistent problem and leads
to substantial measurement error when studying consumption inequality, but this is a challenge
in most years and regions so unlikely to drive my results.
74Figures 4.4 and 4.5 do not present any counterfactual, only the pre-post comparison. Per
capital household monthly expenditure is adjusted into constant 2004 terms using the national
GDP deflator.
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Figure 4.5: Kernel Density Estimate–Consumption Distribution in Indragiri
Hilir
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2004 2010
Results presented in Figure 4.3, Table 4.2, and results to follow are similar
across a wide variety of sensitivity analyses and falsification exercises, which
I omit for brevity due to the 6 × 3 outcomes analysed in this Chapter. These
robustness checks are summarised in the Chapter Appendix. Some smaller
treatment effects are statistically insignificant at conventional levels (i.e., one and
five per cent) when ranked against the full distribution of treatment effects. This
is as expected given that my analysis utilises such small donor groups.
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4.3.2 Coal mining in Kalimantan
My second case study is of coal mining. Flying over the giant island of
Kalimantan (Borneo) you cannot help but notice the landscape is littered with
large open-cut mines. Many of these mines have been active for decades or are in
districts with contemporaneous oil, gas, and palm oil booms, precluding them
from this study. However in the Tapin district of South Kalimantan—home to
one of the region’s largest coal terminals—mining and quarrying output more
than tripled in 2005 due to a large expansion in coal mining operations (Figure
4.2). Like many districts in Kalimantan, there has also been an oil palm expansion
since 2009, so I focus on the impacts of the mining boom in the years leading up
to oil palm production in 2009.
Table 4.5: Impacts of Coal Mining in Kalimantan
Treatment minus synthetic control
RMSPE N
Pre-T T T+1 T+2 T+3 T+4
Column 1 2 3 4 5 6 7 8
Total output 0.01 0.01 0.72 0.76 0.74 0.73 0.00 93
Agriculture 0.00 -0.06 -0.05 -0.07 -0.18 -0.03 0.02 93
Industry 0.00 0.00 0.03 0.04 0.09 0.11 0.00 93
Services 0.00 0.01 -0.04 -0.01 -0.05 -0.06 0.00 93
Poverty -0.09 -0.83 0.67 -0.26 -2.62 -3.10 0.00 105
HH exp. 386 289 93267 178072 -73769 28291 0 98
Poverty matched from 2002 up to the pre-treatment period 2004. All other variables
matched from 2001–2004. Pre-T is the average difference between the observed outcome
and the synthetic control in the pre-treatment matching period, RMSPE is the root mean
squared prediction error, and N is the number of districts in the comparison pool. HH
exp. refers to average monthly household expenditure per capita in nominal IDR.
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Results for Tapin are presented in Table 4.5 and Figure 4.6. A good
pre-treatment fit is achieved throughout, even though there is just four years lead
to fit the synthetic control before the treatment year 2005. Aggregate and industry
output increase with the rapid scale-up of mining production, as expected. Just
like palm oil milling in the previous case study, an increase in industry output
does not necessarily provide evidence of production linkages. Washing and
transporting the rocks at Tapin’s large coal facility is captured in industry output.
Agricultural and services output better identify spillovers. Both sectors declined
below the synthetic control, consistent with localised Dutch disease-type impacts
on non-tradable sectors (Corden, 1984; Matsuyama, 1992). Negative impacts on
local agriculture from coal mining are also consistent with Aragon and Rud’s
(2015) study of gold mines in Ghana, and Fleming and Measham’s (2014) study
finding no significant manufacturing or agricultural spillovers from Australian
mining. Agriculture recovers with Tapin’s first oil palm yield in 2009, but the
small negative impact on services appears more permanent.
Welfare impacts
Panels E and F of Figure 4.6 present effects on poverty and average household
expenditures. Panel E of Figure 4.6 shows how average household expenditure
moved above then below synthetic Tapin during the mining boom, suggesting
limited sustained impacts on the welfare of the average Tapin resident. Tapin’s
poverty rate (Panel F) diverges away from its synthetic control in the treatment
period (2005), spikes in 2006, then diverges off far below the counterfactual until
2009, halving from ten to five percent. A positive poverty impact is different to
what has been reported on average across Indonesia, as mining growth typically
does not correspond to poverty reduction (Resosudarmo and Bhattacharya, 2015)
and mining-dependent districts tend to have higher poverty rates (Chapter 2). In
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a related study, Salami et al (2014) highlight the health impacts of mining in South
Kalimantan, finding children have decreased pulmonary function due to greater
intake of harmful particulates. Studies like this complement mine, highlighting
the health/wealth trade-off often faced by mining communities in developing
countries.
4.3.3 Natural Gas Extraction in West Papua
My final case study examines one of the world’s archetypical resource
enclaves: West Papua. I study the British Petroleum (BP) Tangguh project,
Indonesia’s first fully vertically integrated (i.e., from raw material to final product)
liquified natural gas (LNG) operation. Two unmanned offshore production
platforms tap the giant Tangguh LNG gas fields in Bintuni Bay (the “Bird’s head”
in Figure 4.1), pump the gas through subsea pipelines to the LNG processing
facility located in the village of Tanah Merah, then deliver LNG to markets across
Asia and the United States. The gas fields contain over 500 billion cubic meters
of proven natural gas reserves (with an extra 300 billion cubic meters estimated)
and are being developed by an international consortium led by BP. The facility has
operated at full capacity (seven million tons per year) since it became operational
in 2009 and is expected to expand with the addition of a third LNG train before
2020.
West Papua provides a unique case study in many respects. It is one of the least
populated and poorest parts of Indonesia. Papua and Irian Jaya were retained
by the Dutch following independence in 1945, seized by Indonesia in 1961, and
today remain one of Indonesia’s last areas of active separatism and civil unrest. In
2000, West Papua province contained three districts, but like many resource-rich
areas of Indonesia, the three districts Balkanised into twelve today. Using 2001
district boundaries (the district named Manokwari in 2001), my estimates relate
to a generous geographic area covering several modern-day districts. Despite the
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larger area, the relative economic importance of this economic shock to the region
dwarves my other two case studies. Manokwari extracted no oil or natural gas
prior to the Tangguh project (see Figure 4.2), and the natural resource riches in the
Bintuni Bay could potentially transform one of Indonesia’s most developmentally
challenged regions.
Production at the Tangguh facility officially began in 2009. I use 2008 as the
treatment year to capture related economic activity prior to the facility becoming
operational (e.g., advance company payments to communities, building the
necessary infrastructure around the facility) and because the longer lead time
allows. The synthetic control is fitted from from 2001–2007.75
Table 4.6: Impacts of Gas Extraction in West Papua
Treatment minus synthetic control
RMSPE N
Pre-T T T+1 T+2 T+3 T+4
Column 1 2 3 4 5 6 7 8
Total output 0.02 0.02 1.67 8.34 14.91 19.26 0.15 96
Agriculture 0.00 0.14 0.13 0.00 -0.05 -0.16 0.06 96
Industry -0.01 0.14 1.58 7.72 14.14 17.07 0.03 96
Services 0.00 -0.01 0.01 0.14 0.12 0.04 0.02 96
Poverty 0.47 -0.02 -0.42 -3.85 -0.08 -3.38 2.13 108
HH exp. 533 14276 53997 10235 10190 101
Poverty matched from 2002 up to the pre-treatment period 2007. All other variables
matched from 2001–2007. Pre-T is the average difference between the observed
outcome and the synthetic control in the pre-treatment matching period, RMSPE is the
root mean squared prediction error, and N is the number of districts in the comparison
pool. HH exp. refers to average monthly household expenditure per capita in nominal
IDR.
75The land was acquired in 1999, with many resettlement agreements. The village relocation
was completed in 2004, so unlikely to affect my synthetic control modelling.
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The local economic and welfare impacts of the Tangguh project are presented
in Table 4.6 and Figure 4.7. Panels A and C of Figure 4.7 show dramatic boosts
to total and industry output, expected given the facility’s vertically-integrated
nature. Output in the agricultural sector—the largest sector before the mining
boom and still accounting for most Papuans’ livelihoods (Resosudarmo et al,
2013)—paints a less positive picture of the Tangguh project (Panel B). Agricultural
output breaks from its long-term trend as the large gas project became operational.
Panel D shows a small increase in services sector output relative to the
counterfactual, although some services may be part of the project (e.g., hotel
accommodation for expatriates).
Welfare impacts
Manokwari’s poverty rate has steadily declined from 2002–2012, falling by an
impressive 20 percentage points (Panel F of Figure 4.7). But there is no sharp
discontinuity or change in trajectory as the LNG facility became fully operational
in 2009. Similarly Panel E of Figure 4.7 shows how the commencement of the
facility’s operations corresponded to an immediate boost in average household
expenditures, but convergence with the synthetic control shortly after. The
quadrupling of per capita output has not been met by a commensurate increase
in welfare or poverty reduction: any impacts are slight in context of the massive
scale of the output ramp up. Unlike for coal mining in Tapin, this result is
consistent with the higher poverty rates that are observed on average across
mining-dependent districts in Chapter 2.
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4.4 Conclusion
The objective of this chapter was to quantify the local economic and welfare
impacts of resource booms in three Indonesian districts. I studied Indonesia’s
three largest primary exports and used the synthetic control method to construct
counterfactual paths for districts’ per capita economic output and its components,
as well as average household expenditure and poverty. Each resource boom
substantially altered the structure of the local economy. Palm oil expansion in
Indragiri Hilir delivered a small boost to all sectors of the economy and strong
poverty reduction. Coal mining in Tapin reduced agricultural and services sector
output, but also delivered strong poverty reduction relative to the estimated
counterfactual. The Tangguh natural gas project in West Papua delivered a
massive increase in local economic output, but no major impacts on average
household welfare and poverty and a contraction in the agricultural sector.
According to the Indonesian constitution, Indonesia’s natural resources are
to “be controlled and utilised by the State for the maximum prosperity of the
people” (Gandataruna and Haymon, 2011). My three case studies highlight how
natural resource sectors can make important contributions to increasing district
GDP per capita and reducing poverty in Indonesia. Relative to their size, sectors
with more concentrated rents (e.g., natural gas) appear to provide fewer benefits to
local residents than more diffuse, labour-intensive sectors. For regions depending
on resource sectors with highly concentrated rents, natural resource sector-led
economic growth alone should not be expected to improve the average residents’
welfare and reduce poverty. More active fiscal and social policies may be needed.
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4.5 Chapter 4 Appendix
The 18 synthetic control estimates presented in the chapter were subject to the
robustness checks / sensitivity analyses summarised below. Results are omitted
for brevity, but similar and readily produced from the public data or available on
request.
Sensitivity analyses
• Leave-one out analysis. I estimate the synthetic control iteratively leaving
out each of the three comparison pool districts assigned the largest weights
to gauge sensitivity to a particular unit being included in the comparison.
Like permutation testing, a distribution of leave-one-out treatment effects is
evaluated.
• Population effects. I checked that changes in population are not driving the
results on per capita economic output and that similar results are obtained
using total and log levels (i.e., not in per capita terms).
• Alternative comparison pools:
– Regional (island) group vs. full sample; and
– Dropping districts where the average outcome of interest is fifty
per cent larger or smaller than that for the treatment district in the
pre-treatment period, as in Horiuchi and Mayerson (2015).
• Varying the predictor set:
– Parsimonious predictors, as used in my main estimates;
– All lagged outcomes only; and
– A more extensive set of predictors taken from DAPOER (World Bank,
2015), allowing the data-driven synthetic control procedure to instead
assess performance and relevance.
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• Using alternative techniques to estimate the V matrix.
Placebo / falsification tests
• In-time placebo tests involve treating years without the oil palm expansion
as the treatment years. See Bertrand et al (2004).
• In-space placebo tests or permutation inference, where the treatment is
iteratively applied to every unit in the comparison pool to compare the
estimated treatment effect on the unit of interest against the distribution
of treatment effects obtained for untreated units in the comparison pool.
This leads to what Abadie et al (2010) call “exact inference”, akin to random
permutation testing. Although this test is becoming standard practice, its
interpretation is ambiguous when large restrictions are placed on the donor
pool (as I have done), so I have omitted it from the chapter. This exercise also
showed that prediction errors for the untreated units are roughly similar in
the pre-and post-treatment periods, providing no evidence of over-fitting.
• On estimated synthetic controls and on alternative outcomes plausibly
unaffected by the treatment, i.e., fiscal transfers unrelated to natural
resources, precipitation and temperature, and lagged outcomes.
Replications
Replications using similar cases identified through my case study selection
procedure—the runner-ups—gave broadly similar results. Replication cases
include: palm oil in Kalimantan and Sumatra; oil and gas in East Java; mining
in Sulawesi and Kalimantan; and West Papua estimated at the province level (c.f.,
district).
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Main Results Graphs with Non-zero Y Axes
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This thesis has implications for policy and suggests several promising avenues
for future research. Each chapter shows that natural resource sectors have
important effects on other sectors of the economy. These effects differ for
different types of natural resource sectors. At the international level, more
mining income in the economy leads to lower levels of non-mining income in
the long run (Chapter 2). Within Indonesia, oil palm expansion does not appear
to crowd out other economic activity at the district level (Chapters 3). In a
case study of a booming oil palm district in Riau (Chapter 4), I find small but
positive impacts on all sectors, consistent with the pattern observed nationally
in Chapter 3. For Indonesia’s mining sectors, two case studies suggest that coal
mining and natural gas extraction have increased total economic output and
output in sectors directly involved in resource extraction and processing, but
substantially reduced agricultural output (Chapter 4). These findings highlight
how Indonesia’s resource boom has led to major local structural change across its
diverse regions. Growth in the oil palm sector exhibits minor positive effects on
other sectors and total economic output. Mining sector growth, on the other hand,
crowds-out non-tradable agriculture, suggesting a local Dutch disease. Future
research could investigate possible links between natural resource sectors and
urbanisation, employment and labour market outcomes, and other aspects of
structural change in Indonesia or elsewhere.
That natural resource sectors alter the structure of national and sub-national
economies has implications for social development trajectories. Chapter 2 showed
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that non-mining income is on average better for health and education than income
from the mining sector. Mining-sector growth is likely to undermine national and
sub-national economic growth and prosperity due to the mining sector’s weaker
links to human capital development and lower social productivity than alternative
sectors. Countries and sub-national regions committed to mining sector-led
economic growth may wish to consider strategies to diversify the economy
towards more human capital-intensive modern sectors or better utilise mining
rents for broad social outcomes. Further investigation of the mechanisms and the
conditions under which mining can be more beneficial for health and education
outcomes could consider returns to education and skills under mining booms.
Examining the long-term health and education impacts of more labour-intensive
natural resource sectors like palm oil could also be worthwhile.
The first Sustainable Development Goal is to “end poverty in all its forms
everywhere”. In this thesis I find that natural resource sectors can make important
contributions to poverty reduction, but these contributions depend on the type of
natural resource activity and the concentration of resource rents.
Growth in Indonesia’s palm oil sector has, on average, made strong
contributions to poverty reduction over the period 2001–2010 (Chapter 3). This
finding may influence debates on oil palm and development. In 2011 former
World Bank President Robert Zoellick directed the World Bank Group to cease any
financing and operations related to the palm oil industry due to environmental
issues. My thesis encourages policy-makers to instead seek a middle ground
balancing environmental conservation with the pro-poor growth opportunities
presented by oil palms. As mentioned Chapter 3, there are ways to further
increase palm oil production without clearing pristine primary rainforest. Future
research could investigate how different palm oil sector business models affect the
diffusion of benefits through local communities, compare plantations and mills
that have attained sustainability certification with those that have not, and extend
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my analysis to other countries with growing palm oil sectors (e.g., Ghana and
Cameroon).
In contrast to the poverty impacts of palm oil expansion, districts more
dependent on the mining sector tend to have significantly higher poverty rates
(Chapter 2). Looking beyond these averages, I find that a large coal mining
expansion in South Kalimantan reduced poverty while a giant natural gas project
in West Papua had no discernible effect (Chapter 4).
The local economic benefits of natural resource sectors thus appear to be
spread in accordance with the concentration of the rents. For natural resource
sectors with highly concentrated resource rents, expansions in output alone
should not be expected to reduce poverty. Policies to ensure broad-based benefits
might be needed. Further research into how such policies can be designed
and implemented in the developing country context may be beneficial. Further
research could also examine the impacts of natural resource sectors on poverty
using international data or alternative poverty measures (e.g., electrification,
nutrition and food security, or asset poverty).
There is still much to learn about how natural resource sectors affect human
development outcomes across and within countries. Theory and empirical
evidence on how natural resource sectors affect poverty and inequality, labour
markets and human capital, and industrialisation remains thin. I hope the
research presented in this thesis prompts other researchers to investigate these
issues further, develop new theories to explain the effects documented in this
thesis, and extend my analysis using rich new spatial and micro datasets.
Integrated assessments factoring in environmental and climate impacts beyond
the economic and social impacts documented in this thesis will also be important.
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